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ABSTRACT OF THE DISSERTATION

Computational Methods for
the Imputation and Prediction

of Digital Health Data

by

Brian Lawrence Hill
Doctor of Philosophy in Computer Science
University of California, Los Angeles, 2021

Professor Eran Halperin, Chair

Advances in both technology and medicine have enabled monumental progress toward the
realization of precision medicine. In particular, machine learning algorithms — powered by
electronic health records, genomic information, wearable sensors, and medical images — are
positioned to become an integral part of the clinical workflow. While a tremendous amount
of biomedical data is being generated and collected on a daily basis, plenty of data are
still not routinely captured due to invasiveness, inconvenience, or cost. In this dissertation,
we first describe the development and validation of a machine learning model that uses
pre-operative data readily available in the electronic health record to predict post-operative
in-hospital mortality. We then present multiple novel computational methods for accurately
imputing unobserved health data using several different types of observed data, including

physiological waveforms, genomics, and videos.
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Receiver operating characteristic (ROC) and precision recall curves for the ran-
dom forest model. Plots were generated using the predictions from the held-out
test dataset. ROC curves (a, left) show the false positive rate on the x-axis and
the true positive rate on the y-axis. The optimal point is the upper-left corner.
Precision-recall curves (b, right) show the recall on the x-axis and precision on

the y-axis. The optimal point is in the upper-right corner. . . . . . . .. .. ..

Number of in-hospital mortalities captured as a function of the number of patients
flagged as high-risk. Using the random forest predicted probabilities for each set
of features, surgeries were ranked from highest to lowest risk. For each feature set,
we count the number of mortalities captured as we vary the number of high-risk

patients flagged for additional resources. . . . . . . . ... ... .. ... ..

Heatmap of Preoperative Risk vs. Postoperative Risk. Preoperative (x-axis) and
postoperative (y-axis) risk scores were binned by percentile, and the counts per
bin visualized as a heatmap in log scale. Preoperative risk predictions were gener-
ated using the random forest model trained on the preoperative features, including
lab times, and the surrogate-ASA status. In (a, left) all patients are displayed,
and in (b, right) only the in-hospital mortalities are shown. 78% of patients who
die and have a preoperative risk percentile below 95% have an increased postop-
erative risk percentile. This is substantially greater than the percent of matched

patients from a null distribution who have an increased percentile. . . . . . . .
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MRS increases prediction accuracy on a variety of outcomes. (Top) The perfor-
mance of the PRS (blue) and MRS (green) predictions on the y-axis with the
baseline model predictions on the x-axis. The performance of binary phenotypes
(Phecodes, medications) is measured using area under the ROC curve (AUC) and
the performance of continuous phenotypes (lab results) is measured using pro-
portion of variance explained (R?). (Bottom) The disease incidence as a function

of the PRS (blue) and MRS (green) binned by deciles (left, middle); and the

observed Urea Nitrogen lab result value plotted against its predicted value (right).

Improvement in lab result imputation performance by including MRS. For lab re-
sults that were significantly better imputed using a matrix completion imputation
procedure that included the MRS values, we compare the quality of the imputed
values (R?) using only the EHR data (SoftImpute) to the values generated when
including the MRS values in addition to the EHR data (SoftImpute+MRS).

Prediction accuracy may improve with additional samples. We downsampled the
number of individuals to evaluate the prediction performance as a function of
sample size using a well-predicted medication and lab value. The performance
is significantly affected by the number of individuals, suggesting that there is

additional power to be gained with the addition of more methylation samples.

Labs as predicted by methylation, genotypes, and an externally-trained polygenic
risk score. The cross-validated R? between the true and imputed lab value on
541 unrelated patients of non-Hispanic-Latino white-identifying individuals using
a baseline predictor as well as a baseline predictor with methylation, genotypes,

and a PRS externally-trained from UKBiobank summary statistics. . . . . . . .

Best methylation-predicted Phecodes within ancestral populations. After training
a model on the entire heterogeneous population of individuals, we evaluated the
predictive performance within each population separately. We observed only 4

(of 60) significant differences between self-reported ancestral groupings.
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Examples of input waveforms for 1D V-Net model (a) 4-second sample of electro-
cardiogram (ECG) waveform and (b) a 4-second sample photo-plethysmograph
(PPG) waveform. . . . . . .. L

Example ground truth & predicted waveforms (a) 4-second window (for the input
data shown in Figure 1) and >3 hour records (b) and (c). The true continuous
blood pressure waveform is shown above in green, and the predicted blood pres-

sure waveform shown below inred. . . . . . . . . . .. ...

Bland-Altman plots for the MIMIC and UCLA ICU test cohorts. Systolic BP
measurements per patient (left), and Diastolic BP measurements per patient
(right) using a thirty-two second window; horizontal error bars represent the
standard deviation of the blood pressure values, vertical error bars represent the
standard deviation of the differences; solid lines indicate the mean difference
values, dashed lines indicate the mean difference values 4 /- 1 and 2 times the
standard deviation of the differences. Results for MIMIC are shown in (a), and

UCLA in (b). . . . . oo

The Left Ventricle Ejection Time (LVET) is the duration between the beginning
and end of the systolic phase. This interval corresponds to the opening and
closing of the heart’s aortic valve, during which the left ventricle ejects blood into
the system. In the PPG waveform, this interval begins at the diastolic point and

ends with the dicrotic notch. . . . . . . . . ..
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Our multi-derivative architecture used for experimentation. Spatial features are
extracted separately for each set of derivative frames using 3D convolutional lay-
ers and mean pooling layers. Once feature representations are extracted, the
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CHAPTER 1

Introduction

1.1 Scope of Research

Improvements in both compute and data storage capabilities have ushered in the infor-
mation age, creating rich “big data” resources. These data sources can be used to drive
large-scale data analysis, where machine learning methods can be used to detect complex
patterns and accurately predict events and trends. In particular, software and hardware
advancements in general purpose graphics processing units (GPGPUs) combined with deep
learning algorithms have enabled state-of-the-art performance in multiple domains includ-
ing computer vision, natural language processing, and even genomics and drug discov-
ery [LBH15, KSH12, PCA18]. Given enough data, these deep neural networks are able
to learn feature representations from underlying structure that accurately map a set of input

values to a set of outputs.

The twenty-first century has seen major innovations at the intersection of technology and
medicine, leading to the generation of invaluable digital health data. The healthcare industry
has undergone a huge transition from paper-based medical records to electronic medical
records, resulting in a treasure trove of digitized health information such as laboratory results,
vital sign measurements, medications that were ordered, and disease diagnoses. Medical
imaging scans such as magnetic resonance imaging (MRI), computed tomography (CT), or
optical coherence tomography (OCT) also contribute high-fidelity data for understanding

a patient’s health state. Completion of the initial sequencing of the human genome in



2001 [LLBO1] has accelerated incredible research in genomics over the past two decades, and
there is ongoing work to translate findings into clinical practice. Finally, wearables and other
continuous health sensors are capable of generating high-frequency measurements of various
vital signs, which allows a patient to be monitored around the clock by a computer in the
hospital or at home. Each of these different data types provide a piece of the puzzle for

understanding a patient’s wellbeing.

These sources of health data can be used for two related but different tasks: prediction
and imputation. We define prediction as the estimation of a future value based on data
currently available at a particular time. For example, in the pre-operative period, we can
use a machine learning model to predict the probability of a particular patient dying in
the hospital after surgery. In the prediction task, measuring the value being estimated is
theoretically infeasible at the current point in time because, by definition, the value is a
future value. However, we can use retrospective data to build machine learning models for

predictive tasks, and hope that they generalize to future data points.

Imputation is concerned with estimating an unobserved (missing) value from the past or
current time using observed (available) data. As an example, a clinician may have ordered a
complete blood count lab panel for a patient, but not a basic metabolic lab panel. Therefore
we observe blood cell counts for that patient at the time the lab panel was taken, but we
do not observe sodium or potassium levels. Measuring the unobserved or missing values
is theoretically feasible, but for various reasons (safety, privacy, cost, etc.) the data is not
available for analysis. Both prediction and imputation can only leverage data currently

available, but where they differ is the point in time where the estimated value occurs.

1.2 Contributions and Overview

In this dissertation, we propose methods for solving several prediction- and imputation-

related problems, leveraging various data sources such as electronic health records, genomics,



physiological waveforms, and videos.

Chapter 2 describes a machine learning model that was developed to predict the risk of
postoperative in-hospital mortality using electronic health record data readily available and
automatically extracted prior to surgery. We compared the performance of our model to
existing clinical risk scores, and integrated our model with a previously published postop-
erative mortality risk score [LHG18] to quantify the change in risk during the perioperative

period.

In Chapter 3 we consider the epigenetic analog of the polygenic risk score, the methylation
risk score (MRS), and show that because methylation state is affected by both genetic and
environmental factors it can be a useful biomarker for various phenotypes such as diagnoses,
clinical lab tests, and medication prescriptions. Incorporating MRS into an imputation
procedure, along with a set of baseline clinical features extracted from the electronic health
record, improves the imputation performance over the baseline features alone, demonstrating

the utility of collecting methylation data as versatile biomarker.

In Chapter 4, we present a novel method for imputing the continuous arterial blood
pressure waveform from non-invasive signals. Using 150,000 minutes of waveforms collected
from ICU patients in two separate hospital systems, we show that a deep learning model
can be trained to impute the blood pressure waveform for all hospital patients using data

currently collected as part of the standard-of-care.

Prior work has demonstrated that it is possible to accurately obtain an estimate of
the photoplethysmogram (PPG) waveform by detecting small color changes using a camera
capturing video [WBS00, PMP10, VSN08, TO07]. These computer vision methods typically
optimize for first-order dynamics (such as optical flow), however, in many cases the properties
of interest are subtle variations in higher-order changes, such as acceleration. In Chapter 5
we investigate several ways of incorporating higher-order dynamics into neural models for a

more accurate estimation of PPG waveform morphology.



CHAPTER 2

An automated machine learning-based model predicts
postoperative mortality using readily-extractable

preoperative electronic health record data

2.1 Introduction

A small number of high-risk patients comprise the majority of patients with surgical
complications [PHJ06]. Many studies have demonstrated that early interventions can help
reduce or even prevent perioperative complications [LTP17, KKK12]. In the current value-
based care environment, it is critical to have methods to rapidly identify patients who are
at the highest risk for perioperative complications and most likely to benefit from labour
or cost-intensive interventions. Unfortunately, many current methods of risk stratification
either lack patient-level precision or require a trained clinician to review each patients medical

record and assess a score.

Existing preoperative patient risk scores generally fall into one of two groups. The first
leverage International Statistical Classification of Diseases and Related Health Problems
(ICD) codes in order to create models of risk [LCR16, SSM10, CSP94]. Unfortunately, ICD
codes are not available until after patient discharge. While these scores tend to perform
well at the population level, they rely on data not available prior to surgery, and have been

repeatedly shown to lack precision at the patient level [SLM16]. The second group of models



relies on subjective clinician judgment, as seen with the American Society of Anaesthesiolo-
gists Physical Status Score (ASA score) alone or when incorporated into another model (such
as the NSQIP risk calculator) [BLP13]. While these scores tend to have increased precision
compared to ICD codes, they cannot be fully automated due to the need for a highly trained

clinician to manually review the patients chart prior to calculation.

Recently, attempts have been made to leverage machine learning techniques using health-
care data in order to improve the predictive ability of various models [ROC18, FK18]. These
methods have shown progress in leveraging increasingly complex data while still allowing for

the full automation of the scoring system.

In this work, we hypothesized that machine learning methods can be used to predict
in-hospital post-surgical mortality using only features from the electronic medical record
(EMR) readily available and automatically extracted before surgery. We compare the per-
formance of our model to existing clinical risk scores (ASA score, POSPOM score [LCR16],
and Charlson Comorbidity Score [CSP94]). Lastly, we aim to integrate our model with a
previously published modelll that estimates in-hospital mortality at the end of surgery to

quantify the change in risk during the perioperative period.

2.2 Methods

2.2.1 Data source and extraction

All data for this study were extracted from the Perioperative Data Warehouse (PDW), a
custom built, robust data warehouse containing all patients who have undergone surgery at
UCLA Health since the implementation of UCLAs EMR (EPIC Systems, Madison, WI) in
March 2013. We have previously described the creation of the PDW, which has a two-stage
design [HGP16]. Briefly, in the first stage, data are extracted from EPICs Clarity database

into 29 tables organized around three distinct concepts: patients, surgical procedures and



health system encounters. These data are then used to populate a series of 4000 distinct
measures and metrics such as procedure duration, readmissions, admission ICD codes, and
others. All data used for this study were obtained from this data warehouse and IRB approval

(IRB 16-001768) was obtained with exemption status for this retrospective review.

2.2.2 Model Endpoint Definition

We trained classification models to predict in-hospital mortality as a binary outcome. This
classification was extracted from the PDW and was set to true if a death date was noted
during the hospitalization, or the final disposition was set to expired and there were no
future admissions for the patient and a clinician death note existed. Due to the concern
about the need to eliminate false positive results, the resulting labels using this definition

were validated by trained clinicians in a subset of patients.

2.2.3 Inclusion and Exclusion Criteria

Cases were included in the study if they underwent a surgical procedure with general anaes-
thesia between April 1, 2013 and December 10, 2018. The type of anaesthesia was extracted
from the post-anaesthesia hand-off note documented by the anaesthesia provider at the end
of the case. Cases were excluded if they had an American Society of Anaesthesiologists
(ASA) Physical Status score of 6 (indicating organ donors), were not discharged at the time
of data analysis or were aged less than 18, and patients older than 89 had their age redacted
(due to institutional restrictions on data security). A CONSORT [MSAO01] diagram is shown

in in Supplementary Figure 1 in [HBG18].

Some patients, particularly those of highest risk, underwent more than one surgery during
the course of their hospital admission. In these cases all surgeries that met the above criteria
were included. We performed a subsequent analysis to ensure that their inclusion would not

unduly affect the results of the entire population. This analysis is shown and described in



Supplementary Appendix 1 in [HBG18].

2.2.4 Model Input Features

The model was created using a set of features including basic patient information such as age,
sex, BMI, blood pressure, and pulse rate; lab tests frequently obtained prior to surgery such
as sodium, potassium, creatinine, and blood cell counts; and surgery specific information
such as the surgical procedure codes. In total, 58 preoperative features (including ASA
status) were selected by clinicians consensus (I.H., E.G.) as potentially useful for predicting
the outcome, and a full list is available in Supplementary Table 1 in [HBG18]. For all

variables only the most recent value prior to surgery was included.

In order to help elucidate the relative predictive value of different types of features, five
models were created. The first model (1) included all the input features including the ASA
physical status score. The second model (2) included all input features except the ASA
physical status score as this score would not be able to be fully automated prior to review
by a trained anaesthesia provider. In order to overcome this limitation of automation, the
third model (3) included all of the input features with an automated surrogate for the ASA
score. The details of the generation of this surrogate score can be found below. The last
two models were variations of models 1 and 3, however they excluded the timestamps of
the preoperative lab results (relative to the admission start time), though they included the
actual results themselves. Since the time between a lab result and a surgery is not a marker
of the patient illness, we excluded this information so that the model would not incorrectly

weight the significance of this feature.

2.2.5 Comparison of Model Performance

In order to assess the performance of our models against currently used risk stratification

systems we also tested the performance of three baseline models: a model containing only



the ASA physical status score, a model containing only the POSPOM score [LCR16], and a
model containing only the Charlson comorbidity score [CSP94]. Using a model with a single
feature such as these has the effect of producing the same result format as our more complex

models and allows a direct comparison.

2.2.6 Data Pre-processing

Data points greater than 4 standard deviations from the mean were removed as they were
assumed to be erroneous outliers. Categorical features were converted into indicator vari-
ables, and the first variable was dropped. Thus, if a categorical variable takes on k values,
only k-1 values are converted into indicator variables because the kth variable becomes the
reference value. The cohort was divided into a training dataset and a testing dataset by
selecting all surgeries that occurred between April 1, 2013 and February 28, 2018 for train-
ing and surgeries from March 1, 2018 and December 10, 2018 as the test set. Any patients
that appeared in the test set were removed from the training set to prevent information
leakage. Temporally splitting the cohort allows us to estimate model performance on future
surgical cases. The training data features were rescaled to have a mean of 0 and standard
deviation of 1, and the test data were rescaled using the training data means and standard
deviations. Missing data were imputed in the training and testing sets separately using
the SoftImpute algorithm [MHT10], which leverages the similarity of groups of patients to
estimate missing values. The Softlmpute algorithm was implemented by the fancyimpute

Python package [RFO17], with a maximum of 200 iterations.

The number of inpatient mortalities was much smaller than the number of survivors,
resulting in extreme class imbalance (2.01% mortality rate). To overcome this issue, the
training set was oversampled using the SMOTE algorithm [CBHO02|, implemented in the
imblearn Python package [LNA17], using 3 nearest neighbours and the baselinel method to
create a balanced class distribution. The testing set was not oversampled and, therefore,

maintained the natural outcome frequency.



2.2.7 Generating a surrogate for ASA scores

While the ASA status is a strong predictor of patient health status [WWS96, Daall, VVHT70,
HDJ15], this classification requires a clinician to look through the patients chart and sub-
jectively determine the score, consuming valuable time and requiring clinical expertise. In
order to balance the value of this score with the desire for automation, we sought to generate
a similar metric using readily available data from the EMR - a surrogate ASA score. Re-
cent works have similarly attempted to develop machine learning approaches to predict ASA
scores [EES13, ZFW16]. However, these methods have difficulty differentiating ASA scores
of 4 and 5 due to the low frequency of occurrence of 5 scores, and resort to either grouping
classes together or ignoring patients with an ASA status of 5. The goal in our work is not
to predict the ASA score but to estimate a measure of general patient health for use as a
feature in our model to predict in-hospital mortality, without needing the time-consuming

clinician chart review.

Using the existing ASA physical status classification extracted from the EMR data, we
trained a gradient boosted tree regression model to predict the ASA status of new patients
using preoperative features unrelated to the surgery. The model was implemented using
the XGBoost package [CG16] with 2000 trees and a max tree depth of 7. We used 5-fold
cross-validation to generate predictions. This surrogate-ASA value is a continuous number,
unlike the actual ASA status which is limited to integers. We call it the ASA surrogate score
to distinguish it from an actual ASA score. This score is a continuous score of patient risk

that uses the ASA score to supervise parameter learning in the model.

2.2.8 Model Creation, Training, and Testing

We evaluated four different classification models: logistic regression, Elastic Net [ZH05] logis-
tic regression, random forests, and gradient boosted trees. Logistic regression is a statistical

model that assumes a binary outcome can be predicted as a weighted combination of inde-



pendent variables. The Elastic Net [ZHO05] logistic regression adds additional constraints to
a linear prediction model by forcing the weights to be both small and sparse. A random
forest classifier uses an ensemble of independently-trained decision trees, which classify data
based on a series of binary questions about the values of particular features, to determine the
most likely outcome based on a majority vote. Like random forests, gradient boosted tree
classifiers predict using an ensemble of decision trees, but instead of building each decision
tree independently, the trees are created sequentially such that each new tree is fit to the

residual error remaining after the previous step.

Model hyperparameters were chosen using 5-fold cross-validation on the training dataset,
where surgeries from the same patient were grouped together such that they appeared only
in a training fold or a testing fold, not both. In 5-fold cross-validation, the dataset is divided
into 5 partitions, where 4/5 of the data is used to train the models and the remaining 1/5
is used as the testing set. This process is repeated such that each partition is used as a
testing set only once, and a training set 4 times. Cross-validation provides a better assess-
ment of model performance by averaging metrics over multiple trials. Logistic regression
classifiers were trained with both an L2 penalty and an ElasticNet [ZH05] penalty, where
alpha (regularization constant) and the L1/L2 mixing parameter were set using 5-fold cross-
validation. The random forest classifiers were trained with 2000 estimators, Gini impurity
as the splitting criterion, and no maximum tree depth was specified. The gradient boosted
tree classifiers were trained using 2000 estimators and a max tree depth of 5. The logistic
regression and random forest classifiers were implemented using Scikit-learn [PVG11], and
the gradient boosted tree classifiers were implemented using the XGBoost package [CG16].
All performance metrics were calculated on the held-out test set using methods implemented

by Scikit-learn [PVG11].

We generate confidence intervals for the test set performance metrics using block boot-
strapping of the predictions. Since patients in the test set can undergo multiple surgeries,

their risk predictions for each surgery are correlated. However, the general bootstrapping
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procedure typically samples cases randomly, and assumes each case is independent, but un-
der this assumption the correlation structure would be lost. Therefore, instead of randomly
sampling cases, we randomly sample patients, and include all predictions in the bootstrap
sample. This block bootstrap procedure is repeated 1000 times. For each bootstrap sample
we calculate performance metrics, these metrics are then sorted, and we select the 25th and

975th values of the sorted list of metrics to determine the 95% confidence interval.

As described above, we compared our method with the Charlson Comorbidity Index
scores [CSP94], a well-known and proven existing method for prediction of risk of postoper-
ative mortality, for each patient in the cohort. We used the updated weights as described
by Quan and colleagues [QLC11]. Scores were calculated using the R package icd [Was18]

on all ICD10 codes associated with each surgery admission.

Another respected preoperative risk score is the POSPOM score [LCR16]. While the
POSPOM risk score was shown to have excellent discriminative ability, the features used
in the model present an issue when trying to implement such a model in a medical center
that does not use the French classification for medical procedures (Classification Commune
des Actes Mdicaux or CCAM). The POSPOM score groups CCAM surgery codes to 25
categories, where each category has an associated risk score as determined by their model.
In order to replicate their model on our dataset, HCUP (or CPT) surgery codes must be
mapped to CCAM codes. However, a mapping between HCUP (or CPT) codes to CCAM
codes currently does not exist. Therefore, we created an approximate mapping between the
case service group and the POSPOM surgical category. For each patient, we generated the
ICD-based POSPOM score and the approximate surgical POSPOM score to compare the
predictive capability of the POSPOM risk score to our method.

To determine which features were most important to the classification models, we ex-
amined the model weights for linear models, the feature (Gini) importance for the random
forest models, and the feature weight (number of times a feature appears in a tree) for the

gradient boosted tree models.
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2.2.9 Model Calibration

A well-calibrated binary classification model outputs probabilities that are close to the true
label (in our case, either a 1 for patients who die in the hospital, or 0 for survivors). Model
calibration is often measured using the Brier score, which is the average squared distance
between the predicted probability of the outcome and the true label; thus, a lower Brier score
usually indicates a better performing model. We used this metric to assess the calibration

of our models.

2.2.10 Precision and Recall Calculations

ROC curves are very informative of binary classification prediction performance in gen-
eral, as they illustrate how the performance changes as the discriminative threshold varies.
However, precision-recall (PR) curves can be more informative when the classes are highly
imbalanced [SR15]. ROC curves show the true positive rate (recall, sensitivity) as a function
of the false positive rate (1 - specificity), but for imbalanced datasets, the false positive rate
can be misleading. The false positive rate is inversely related to the total number of negative
samples and, therefore, a model that predicts a large number of false positives (relative to the
number of true positives) may still achieve a small false positive rate. Therefore, precision
(or positive predictive value) which penalizes a model for a large number of false positives
relative to the number of true positives, is a useful metric. PR curves show the precision of a
classifier as a function of recall. An optimal model would reach the point in the upper-right

corner of the PR plot (i.e. perfect recall and perfect precision).

2.2.11 Integration of Preoperative Risk with Postoperative Risk

Previous work [LHG18] has shown that integrating a measure of preoperative risk, such as
the ASA score, into a postoperative mortality risk prediction model increases the model

performance. We aimed to conduct a similar approach, but instead of using the ASA status

12



as a measure of preoperative risk, we replaced it with the preoperative predictions from our
model. First, we used the deep neural network architecture and features described by Lee
and colleagues [LHG18]. However, we replaced the ASA status feature with the preoperative
risk scores which were generated using the random forest model, which was trained using
the preoperative features and surrogate ASA scores as described in the previous section.
Next, we trained the postoperative model using the training cohort used for preoperative
risk prediction using 5-fold cross-validation, where the intraoperative data was pre-processed
in the same manner as described by Lee and colleagues [LHG18]. We then compared the area
under the ROC of the postoperative model trained using the ASA status and intraoperative
features to the model that was trained using our preoperative risk score and intraoperative
features. Lastly, in order to attempt to assess the degree to which risk changes during the
intraoperative period, we compared on a per-patient basis the risk scores generated by our
preoperative model with those generated by the incorporation of our results with the model

described by Lee and colleagues.

2.3 Results

2.3.1 Patient Demographics

The patient dataset contained 66,294 surgical records encompassing 52,894 patients. Pa-
tients were between the ages of 18 and 89, with a mean age of 56.0, and were classified
as either inpatients, same-day admits, emergencies, or overnight recoveries. The frequency
of mortality in the dataset was approximately 2.01%. An ASA status of 3 was the most
common, comprising 47% of the dataset. Detailed information on patient demographics can

be found in Table 2.1.
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Table 2.1: Patient Demographics - Patient demographics for the cohort used for training
and testing models. Number of patients and percent of the cohort are shown. The selected
surgical services represent the top 4 most frequent surgical services.

Property Training Data Testing Data
Number of patients 46400 6494
Number of admissions 54813 6853
Number of surgeries 58916 7378
Average number of surgeries per patient 1.27 1.14

Average number of admissions per patient 1.18 1.06

Average number of surgeries per admission 1.07 1.08

Number of patients with more than 1 admission | 6400 (13.79%) 328 (5.05%)

Number of admissions with more than 1 surgery

2817 (5.14%)

(
351 (5.12%)

Number of mortalities

1243 (2.11%)

124 (1.68%)

Mean age

55.99 (17.01 std. dev.)

56.07 (16.93 std. dev.)

Female patients

29770 (50.53%)

3680 (49.88%)

ASA status 1

3592 (6.10%)

383 (5.19%)

ASA status 2

21093 (35.80%)

2412 (32.69%)

ASA status 3

27395 (46.50%)

3751 (50.84%)

ASA status 4

6432 (10.92%)

779 (10.56%)

ASA status 5

404 (0.69%)

53 (0.72%)

Ronald Reagan Operating Room

39599 (67.21%)

4935 (66.89%)

Santa Monica Operating Room

19317 (32.79%)

2443 (33.11%)

Types of Surgery

- Orthopaedics 9113 (15.47%) 1083 (14.68%)
- General Surgery 7456 (12.66%) 958 (12.98%)
~Urology 7255 (12.31%) 931 (12.62%)
- Neurological Surgery 6404 (10.87%) 843 (11.43%)
~Other 23683 (48.69%) 3563 (43.20%)
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Table 2.2: Area under the ROC (AUROC) curve values for each model and each of the
eight input feature sets on the held-out test set. Models with the highest AUROC are
shown in bold. The mean value of the AUROC is shown, along with the 95% confidence
interval from bootstrapping the test predictions 1000 times shown in parenthesis. When
using the ASA status or the Charlson comorbidity score as the only input feature, the linear
models (Logistic regression, ElasticNet) outperform the non-linear models (Random Forest,
XGBoost). However, for the other feature sets, the non-linear models outperform the linear
models. In particular, the Random Forest has the highest AUROC compared to the other
models.

Model / AUC (95% CI) Logistic Regression | ElasticNet Classifier | Random Forest XGBoost Classifier
POSPOM 0.653 (0.602-0.705) | 0.653 (0.602-0.705) | 0.660 (0.598-0.722) | 0.660 (0.598-0.722)
Charlson Comorbidity 0.742 (0.658-0.812) | 0.742 (0.658-0.812) 0 740 (0.658-0.811) 0 740 (0.658-0.811)
ASA Status 0.866 (0.829-0.897) | 0.866 (0.829-0.807) 55 (0.819-0.838) | 0.855 (0.810-0.838)
Preop Features 0.900 (0.863-0.931) | 0.919 (0.891-0.942) 0 925 (0.900-0.947) 0 920 (0.894-0.944)
Preop + ASA Status 0.913 (0.880-0.940) | 0.924 (0.895-0.947) | 0.936 (0.915-0.956) | 0.922 (0.894-0.948)
Preop + surrogate-ASA 0.908 (0.872-0.937) | 0.923 (0.895-0.946) | 0.931 (0.909-0.952) | 0.929 (0.907-0.948)
Preop (No Time) + ASA Status 0.919 (0.887-0.944) | 0.932 (0.908-0.951) | 0.936 (0.917-0.955) | 0.923 (0.895-0.950)
Preop (No Time) + surrogate-ASA | 0.911 (0.877-0.941) | 0.924 (0.898-0.948) | 0.932 (0.910-0.951) | 0.915 (0.887-0.940)

Table 2.3: Random Forest model performance metrics for predicting in-hospital mortality
using different sets of features. Confidence intervals derived by bootstrapping the predic-
tions using 1000 samples shown in parenthesis. True positives: TP, False positives: FP,
True negatives: TN, False negatives: FN. Accuracy = (TP+TN)/(TP+TN+FP+FN). Pre-
cision = TP/(TP+FP). Recall = TP/(TP+FN). Specificity = TN/(TN+FP). F1 Score =
2/((1/Recall) + (1/Precision)).

Model Accuracy F1 Score Precision Recall Specificity

POSPOM 0.861 (0.851-0.869) | 0.047 (0.021-0.078) | 0.026 (0.012-0.045) | 0.201 (0.097-0.318) | 0.872 (0.864-0.881)
Charlson Comorbidity 0.895 (0.885-0.904) | 0.112 (0.064-0.165) | 0.065 (0.037-0.098) | 0.390 (0.240-0.538) | 0.904 (0.895-0.913)
ASA Status 0.897 (0.889-0.906) | 0.160 (0.110-0.222) | 0.093 (0.061-0.133) | 0.587 (0.472-0.709) | 0.903 (0.895-0.911)
Preoperative Features 0.985 (0.981-0.988) | 0.275 (0.115-0.446) | 0.610 (0.333-0.814) | 0.179 (0.069-0.315) | 0.998 (0.997-0.999)
Preop Features + ASA Status 0.984 (0.980-0.988) | 0.284 (0.119-0.464) | 0.590 (0.333-0.810) | 0.189 (0.074-0.329) | 0.998 (0.997-0.999)
Preop + surrogate-ASA 0.984 (0.980-0.988) | 0.280 (0.125-0.452) | 0.541 (0.294-0.750) | 0.191 (0.078-0.331) | 0.997 (0.996-0.998)
Preop + ASA status, w/o Lab Times 0.982 (0.977-0.986) | 0.302 (0.172-0.449) | 0.420 (0.245-0.615) | 0.239 (0.127-0.379) | 0.994 (0.992-0.997)
Preop + surrogate-ASA status, w/o Lab Times | 0.980 (0.976-0.985) | 0.258 (0.127-0.412) | 0.358 (0.180-0.551) | 0.204 (0.094-0.342) | 0.994 (0.992-0.996)

15



2.3.2 Model Performance

Area under the receiver operating characteristic (ROC) curve The area under the ROC curve
values for each model are shown in Table 2.2 and ROC curves are shown for the random forest
model in Figure 1a and for all models in Supplementary Figure 2 in [HBG18]. For all models
except the ASA status alone, the random forest model produced the best results, although
these differences often did not reach statistical significance. Models using the preoperative
features have higher area under the ROC values (0.925, 95%CI 0.900-0.947) than the models
that use the Charlson comorbidity score (0.742, 95%CI 0.658-0.812), the POSPOM score
(0.660, 95% CI 0.598-0.722), or the ASA status (0.866, 95%CI 0.829-0.897) alone. Adding
the surrogate ASA status values to the preoperative features did not improve the area under
the ROC (0.931, 95%CI 0.909-0.952) as compared to the preoperative features alone (0.925,
95%CI 0.900-0.947). While adding the true ASA value assigned by anaesthesiologists to
the preoperative features (0.936, 95%CI 0.915-0.956, Wilcoxon signed-rank test, p;0.05 as
compared to preop features with surrogate ASA score) and reducing the preoperative feature
set by removing variables indicating when the lab tests resulted [(0.932, 95%CT 0.910-0.951)
and the preoperative features and true ASA status (0.936, 95%CI 0.917-0.955)] increased
the AUC, these increases were not statistically significant (Wilcoxon signed-rank test, p-
value;0.05). Table 2.3 contains the accuracy, F1 score, precision, recall and specificity for

all five random forest models.

2.3.3 Calibration

The non-linear models (Random Forest, XGBoost) had much lower (better) Brier scores
compared to the linear models (Logistic Regression, ElasticNet). When using either the
POSPOM score, the Charlson comorbidity score, or the ASA status as the only feature,
the Random Forest and XGBoost classifiers had the lowest Brier score (0.098, 0.091, and
0.086 respectively). For the other five feature sets the XGBoost models obtained the lowest
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Brier scores (0.015, 0.015, 0.016, 0.016, and 0.017 respectively). These data are shown in
Supplementary Table 2 in [HBG18].

2.3.4 Precision-Recall

Using the random forest model, precision and recall (PR) curves for each of the sets of features
are shown in Figures 1b and, for all models, in Supplementary Figure 3 in [HBG18]. Overall
the various sets of preoperative features had better performance than the ASA score, the

Charlson co-morbidity score, and the POSPOM score.

Hospitals have limited resources and must decide how to allocate those resources. One
option is to allocate prioritized care to individuals who are at the highest risk of adverse
outcomes, particularly mortality. A hospital could choose to use the ASA score, the Charlson
comorbidity score, the POSPOM score, or the score generated by the random forest model
as an estimate of the risk. Our score is continuous and therefore has a definitive ordering
of patients, while the ASA score, the Charlson comorbidity score, and the POSPOM score,
being discrete, have random intra-score level ordering. To assess the effectiveness of the
ordering based on the proposed score compared to the ASA score, the Charlson comorbidity
score, and the POSPOM score, in Figure 2.2 we order the individuals by their risk of mortality
and calculate the number of mortalities in our set of high-risk patients as we vary the size
of the set. In other words, if we have a fixed set of resources such that we can allocate
additional care to n patients, we would like to know how many of the n patients are true
positives. While receiving prioritized care does not imply that a specific individual will not
die, we argue that a population should have improved outcomes as care levels are better

matched to patients.
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Figure 2.1: Receiver operating characteristic (ROC) and precision recall curves for the ran-
dom forest model. Plots were generated using the predictions from the held-out test dataset.
ROC curves (a, left) show the false positive rate on the x-axis and the true positive rate on
the y-axis. The optimal point is the upper-left corner. Precision-recall curves (b, right) show
the recall on the x-axis and precision on the y-axis. The optimal point is in the upper-right

corner.
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Figure 2.2: Number of in-hospital mortalities captured as a function of the number of patients
flagged as high-risk. Using the random forest predicted probabilities for each set of features,
surgeries were ranked from highest to lowest risk. For each feature set, we count the number
of mortalities captured as we vary the number of high-risk patients flagged for additional

resources.
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2.3.5 Feature Importance

To determine the most important features for each of the models, we examined the feature
weights of the linear models and feature importance of the non-linear models. In Supple-
mentary Table 3 in [HBG18], the feature importance for the random forest model is shown
using four different sets of input features. For the feature sets that include lab result times-
tamps, many of the most important features are the lab result time-stamp features for labs
such as BNP and bicarbonate. However, when these features are removed, the feature im-
portance shifts to the lab results themselves, for example, albumin, INR, prothrombin time,
haemoglobin, and total bilirubin. Surgery-specific features such as the patient class (inpa-
tient, same-day admission) and the location of the patient in the hospital before surgery are
also highly informative. Additionally, the ASA score is the most important feature in every

model where it is contained.

2.3.6 Integrating Preoperative Risk with Postoperative Risk

Replacing the ASA status with the preoperative risk predictions in the postoperative risk
prediction model generated similar results to what were previously published by Lee and
colleagues. The postoperative risk model that was trained using the preoperative risk scores
had an area under the ROC of 0.943 (95%CI 0.934-0.953), whereas the postoperative model
trained using the ASA status had an area under the ROC of 0.935 (95%CI 0.926-0.947)
(Wilcoxon signed-rank test, p-value;0.05). This is in line with the previously published
results of this model [LHG18].

In order to examine how mortality risk changes from immediately before surgery to after
surgery, the preoperative and postoperative risk scores for all patients were grouped by
percentiles and the counts of each grouping are displayed in Figure 2.3a. For the majority
of patients, we see a slight increase or decrease in their postoperative risk compared to the

initial preoperative risk, as demonstrated by the colouring just above/below the diagonal line
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in Figure 2.3a. Figure 2.3b demonstrates the same plot but contains only those patients who
eventually died during that admission. Most of these patients fall above the line indicating
that their risk increased during the intraoperative period, and all patients in this cohort
who had a preoperative risk below the 50th percentile had a postoperative risk that was
substantially increased. Supplementary Table 4a and Supplementary Table 4b in [HBG18|

quantify this change in risk for the entire cohort and the in-hospital mortalities, respectively.

800
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Figure 2.3: Heatmap of Preoperative Risk vs. Postoperative Risk. Preoperative (x-axis) and
postoperative (y-axis) risk scores were binned by percentile, and the counts per bin visualized
as a heatmap in log scale. Preoperative risk predictions were generated using the random
forest model trained on the preoperative features, including lab times, and the surrogate-ASA
status. In (a, left) all patients are displayed, and in (b, right) only the in-hospital mortalities
are shown. 78% of patients who die and have a preoperative risk percentile below 95% have
an increased postoperative risk percentile. This is substantially greater than the percent of
matched patients from a null distribution who have an increased percentile.

2.4 Discussion

In this manuscript we were able to successfully create a fully-automated preoperative risk pre-
diction score that can better predict in-hospital mortality than the ASA score, the POSPOM

score, and the Charlson comorbidity score. In contrast to the ASA score, the POSPOM score,
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or the Charlson comorbidity scores, this score was built using purely objective clinical in-
formation that was readily available from the EMR prior to surgery and does not require
a clinicians assistance for score calculation. Unlike previous models [LHG18], the results
indicate that inclusion of the ASA score in the model did not improve the predictive ability.
We were additionally able to integrate the results of our model into a previously developed
postoperative risk prediction model and achieve a performance that was comparable to the
use of the ASA physical status score in that model. Lastly, when using the preoperative and
postoperative scores together we were able to demonstrate that, on a patient level, risk does
change during the perioperative period - indicating that choices made in the operating room

may have profound implications for our patients.

The challenge of perioperative risk stratification is certainly not new. In fact, the
presence of so many varied risk scores (ASA Score, Charlson Comorbidity Index [CSP94],
POSPOM [LCR16], RQI [DKT11], NSQIP Risk Calculator [BLP13]) speaks to the impor-
tance with which clinicians view this problem. A major limitation of many of these models
has been that they either rely on data not available at the time of surgery (i.e. ICD codes),
or they require an anaesthesiologist to review the chart (those that contain the ASA score).
Thus, the creation of a model that can be fully automated and perform better than these
models implies that it may have broad applicability. Of note, in this study, the non-linear
machine learning models outperformed logistic regression both regarding AUC and calibra-
tion (Brier score). This is different than what has been shown in other work [LHG18] where

the logistic regression performed similarly to non-linear machine learning approaches.

As demonstrated in many previous studies [WWS96, Daall, VVH70, HDJ15], the ASA
score itself remains a good predictor of postoperative outcomes. This is likely because the
ASA score is essentially a predictor generated by the most advanced neural network known
the human brain. However, the ASA score alone did not perform as well as our baseline
model. The discrepancy may have several possible explanations. One possibility is that the

introduction of the EMR has led to an explosion of information, making it challenging for a
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clinician to consume everything. It would be essentially impossible for an anaesthesiologist
to review every note, lab result and pathology report prior to surgery. A second possible
explanation is that the ASA score is not a predictor of mortality per se, but rather a marker
of overall patient complexity. Thus, a score that is designed to predict a specific complication
such as mortality will perform better than a measure of overall patient complexity. Regardless
of the exact reason, we believe this highlights the advantage of an automated scoring system
such as this - not as a replacement for physicians - but as a tool to help them better focus

their efforts on those patients most likely to benefit.

Another advantage of an automated model such as this is that it allows for the continuous
recalculation of risk longitudinally over time. As shown in Figure 2.3, most patients have
either a minor increase or decrease in risk in the time from before to after surgery and, un-
surprisingly, in patients who eventually die, that risk tends to increase. Given the challenges
of continually monitoring the risk of all patients in the hospital, advanced analytical models
such as the one demonstrated in this manuscript have great potential to act as early warning
systems alerting clinicians to sudden changes in risk profiles and facilitating the use of rapid

response teams.

More importantly, the frequency with which risk changed substantially during the opera-
tive period highlights the effect to which intraoperative interventions may have implications
far beyond the operating room. Multiple specific interventions, including the avoidance of
intraoperative hypotension and hypothermia, have been shown to have effects on longer-term
outcomes, and currently enhanced recovery after surgery (ERAS) pathways have promoted
the standardization of intraoperative interventions. We believe that our findings should
add to the evidence that a well-prescribed anaesthetic plan may be of significant long-term

benefit to patient outcomes.

One potential promise of the use of machine learning in medicine is the ability to leverage
these models in order to better understand what features are truly driving outcomes. In an

effort to better understand this, we extracted the weights of the features in both the linear
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and non-linear models. Removing some features, specifically the relative time of lab tests,
actually improved the results of our model (though not to a level of statistical significance).
This could potentially be caused by multiple correlated features tagging an underlying cause,
and the correlation introduces noise in the model as the importance is distributed among
multiple features rather than focused on a single feature. In theory, a machine learning
model should be able to remove these features by setting a coefficient to zero. However, in
practice, this may not always be the case - as illustrated here, where we force this behaviour
by manually removing the features from the model. We believe that this finding highlights
the importance of having collaborative relationships between experts in machine learning
and clinicians who are able to help guide which features to include in a model. Simply
entering large amounts of data from an EMR, without proper clinical context, is unlikely to

create the most effective or efficient models.

There are several key limitations of this study. The most significant is the low frequency
of the outcome in question - in-hospital mortality. The incidence of mortality in the testing
set was less than 2% - implying that a model that blindly reports survives every time will have
an accuracy greater than 98%. Predicting such a rare outcome makes it highly challenging
to produce results with very high precision. Nonetheless, the models presented in this paper
do outperform other models currently in use, as measured by area under the ROC curve,
and had precision-recall curves that were superior to the ASA score, POSPOM score, or
Charlson comorbidity scores alone. Secondly, the large amount of missing data in the EMR
makes imputation a complex task, in particular because the data are not necessarily missing
at random. Many of the missing values are due to systematic reasons, such as forgoing a set
of lab tests because the clinician believes the patients lab values are relatively normal. In
fact, creating optimal imputation algorithms is whole field of work on its own and suboptimal
imputation algorithms will reduce the prediction performance. However, given the sparsity of
the data, some form of imputation is necessary and our choice of imputation algorithm, while

not optimal, is better than a trivial method such as mean imputation (see Supplementary
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Figures 4, and 5a-c in [HBG18]). In fact, our algorithm performed better than the same
algorithm using mean imputation (see Supplementary Figure 6a and b in [HBG18]). We
believe that the overall strong performance of our models despite these limitations indicates
the value of machine learning in predicting postoperative outcomes. Thirdly, the data used
here are from a single large academic medical centre. Thus, it is possible, though unlikely,
that this model will not perform similarly at another institution. More likely is that the
model would require recalibration in order to be transferred from one institution to another.
However, with such a recalibration the exact weights of the various features might change.
One last limitation lies not necessarily with the study itself but with the overall landscape of
EMR data. While the promises of fully-automated risk scores are great, the reality remains
that most institutions still have trouble accessing the data stored in the EMRs. Thus, in
order to truly automate processes such as these, robust data interoperability standards (such
as Fast Healthcare Interoperability Resources (FHIR)) will be needed in order to allow access

to data.

The promise of using machine learning techniques in healthcare is great. In this work
we have presented a novel set of easily-accessible (via EMR data) preoperative features that
are combined in a machine learning model for predicting in-hospital post-surgical mortality,
which outperforms current clinical risk scores, however, a model that incorporates both
physician judgement (via the ASA score) with machine learning produces the best results.
We have also shown that the risk of in-hospital mortality changes over time. It is our hope
and expectation that the next few years will produce a plethora of research leveraging data
obtained during routine patient care to improve care delivery models and outcomes for all

of our patients.
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CHAPTER 3

The methylation risk score is an informative biomarker

within electronic health record systems

3.1 Introduction

Widespread adoption of electronic health record systems coupled with an increasing inter-
est in hospital biobanking systems has spurred research efforts spanning machine-learning
and genomics communities[SGA15a, MWGO05, RPB08, BHH18, HIM19, LTN19, CHB19].
These efforts have produced increasingly accurate imputation (current state) and prediction
(future state) of patient phenotypes from medical records [CKL18, HBG19] and polygenic
risk scores [SGA1ba, MWGO05, RPB08, KCA18, MMD19, LH19, LV20, KMH21|, and are
already being investigated in translational contexts [HIB18, WGH20, GPC16, BBH20]. For
example, recent work has shown that machine learning can leverage high-dimensional data
to aid in the prediction of a multitude of clinical phenotypes including cardiac function and
arrhythmia [GOA20, RRP20, HRH19], post-operative complications [CKL18, HBG19], sep-
sis [KCB18], breast cancer [MBJ16, MMD19], and prostate cancer [SAB18]. Nonetheless, a
genetics-based predictor such as the polygenic risk score may be limited in predictive utility

as it does not account for changes in disease risk throughout one’s lifespan [LV20].

In this work we examine the potential for epigenetic information to improve pheno-
type inference in combined biobank-EHR systems. As methylation is affected by both
genetics and environment—such as lifestyle choices, diet, exercise, and smoking status—

it captures multi-factorial information about predispositions to clinical conditions [LP13,
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GGO17, HHA19, WSB13, ZMC11, DNT14]. Moreover, methylation is readily available for
use in existing biobanks that collect DNA samples, and recent advancements in methy-
lation profiling technologies have enabled an abundance of large-scale studies of methyla-
tion and its role as a biomarker for a variety of phenotypes and health-related outcomes
[Lev10, KNK19, CTS17, LAP13, RBD11, HGT14, DNT14]. It is therefore a natural candi-
date for an extension of PRS, and we hypothesized that methylation can be used to com-
plement genetics as a clinical prediction tool. To that end, we have generated and evaluated

methylation risk scores (MRS), which are linear combinations of CpG methylation states.

To comprehensively investigate the utility of MRS and characterize its properties, we
conducted a study of 651 EHR~derived phenotypes spanning medications (e.g. vasopressers,
glucocorticosteroids, fluoroquinolones), labs (e.g. creatinine, glucose, prothrombin time),
and diagnoses (e.g. T2D, bacterial pneumonia, anemia) that were available for a sufficient
number of patients in the cohort. The cohort contained 826 patients—to the best of our
knowledge, the largest epigenetic biobank dataset to date (including genetics, methylation,
and EHR)—from the UCLA Health ATLAS cohort across a wide range of ages (18-90), racial
and ethnic groups, and overall health (including patients ascertained on kidney and heart
disease, with matched controls), with corresponding genetic and EHR data. This provides
the opportunity to study the potential contribution of methylation to larger biobanks and in
multiple clinical contexts. We find that the MRS-based imputations were more informative
compared to PRS in 78 (87%) medications, 34 (91%) labs, and 128 (83%) diagnoses, more
than doubling the imputation accuracy in over half of the outcomes considered. We also
show that the MRS improves the imputation accuracy over PRS for cases in which the PRS
is trained on very large external biobanks (roughly 3 orders of magnitude larger), as opposed
to 826 samples that are available in this study. We observe that MRS improves over PRS
learned from large biobanks in 50% of the tested phenotypes. Further, as our cohort was
ethnically diverse, we performed replicability analyses within each racial and ethnic subset

of our data. We broadly showed the replicability of the five best-predicted medications,
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labs, and diagnoses —53% and 100% of which replicated in (n=123) non-white Hispanic-
Latino- and (n=561) white non-Hispanic-Latino-identifying individuals respectively. Finally,
we demonstrate the ability of MRS to transfer between methylation arrays and cohorts by
conducting an association study of kidney-related MRS in an external diabetic nephropathy

EWAS [BTR10], where the minimum replication p-value was 6.36 x 1077,

These results provide evidence for the utility of methylation in phenotype imputation in
general, and in biobank settings in particular. However, the promise of clinical translation of
genomic risk scores, including PRS or MRS, is highly dependant on the clinical context of the
patient. There is a large body of work investigating phenotype imputation and prediction in
clinical settings using EHR data alone, typically with machine learning techniques, without
any genomic data. To the best of our knowledge, the question of whether genomic data can
be used to complement such algorithms has not been studied. Since the application of MRS
or PRS to clinical data without taking into account the EHR data provides a limited clinical

utility, this is a natural question.

Here, we demonstrate that MRS can be used in conjunction with EHR data to improve
the imputation of clinical data of patients. Critically, most machine learning approaches
rely on imputation because of the inability of such algorithms to process missing data,
making accurate imputation a crucial step. We found that the combination of MRS with
a gold standard imputation approach—SoftImpute [MHT10]—for clinical data imputation,
provides improved accuracy in 42.4% of the examined phenotypes with a median increase of
71.5%. This result provides the potential to improve machine learning algorithms that use

the EHR data, by complementing the data with methylation information for the patients.

In summary, our results quantify the contribution of methylation information in clinical
settings, both in isolation and in conjunction with the EHR data, and they demonstrate the

potential utility of epigenetic biobanks in clinical settings.
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3.2 Results

Risk model description Analogous to the PRS, we defined the MRS by a linear combi-

nation of m CpG site beta values ¢ and weights w:

MRS = Z w;c; (3.1)
i=1

To ensure the methylation risk score added predictive value over commonly captured features
(e.g. age and sex), we created a baseline predictive model that included patients’ age, sex,
reference-based methylation cell-type composition estimates [HAK12], self-reported race-
ethnicity, and the first ten genetic principal components [GGO17] (see Supplementary Table
A.1 for cohort demographic data). We fit the baseline model using a linear or logistic
regression model depending on whether the outcome was continuous or binary. We compared
the baseline model to models that included the baseline features as well as either methylation
or genotype data. For both the MRS and PRS, we used regression with LASSO, elastic
net, and ridge regularization over the genomic features while treating the baseline features
as fixed covariates. We fit all models using 10-fold double cross-validation, wherein each
training set an additional cross-validation was performed for hyperparameter selection, then
this training-set cross-validated model was used to predict the held-out test set. We tested
for significance using an association test (via linear regression) between the cross-validated
predicted outcome (i.e. the concatenated predictor across all folds) and the true outcome.

For full details see Methods.

Methylation risk scores significantly outperform the baseline and PRS models
From our EHR database, we extracted diagnosis codes, medication orders, and the most
recent lab results, all of which occurred before the methylation samples were collected. We
aggregated the ICD codes into higher-level phenotypes according to the phenotype code
(Phecode) mapping proposed by Denny et al. [DRB10, DBR13] and grouped individual
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medications by pharmaceutical subclass to increase generalizability and power.

We trained penalized linear models to predict clinical phenotypes for which there was a
sufficient number of patient data available, which included 172 medication subclasses, 69 lab
values, and 369 Phecodes. Using a Bonferroni-adjusted association test, the baseline and
MRS models significantly predicted the usage of 72 and 84 medications, 19 and 35 labs, and
117 and 142 Phecodes respectively (Figure A.1). We compared the performance of the MRS
to a model that used both the PRS and baseline features on the same set of individuals,
which significantly predicted the usage of 48 medications, 20 lab results, and 89 Phecodes.
Notably, the baseline model predicted a greater number of medications, labs, and Phecodes
than models that leveraged a PRS, which suggests that including genomic features may
either add noise or our sample size may not have been sufficient to discover their effects for

certain outcomes.

Next, we investigated outcomes for which genomic features add predictive power to the
baseline features and, in such cases, the extent to which their inclusion improves predictive
accuracy. We conducted a likelihood ratio test comparing an association test of the true
outcome using the cross-validated baseline predictor alone, to a model that included the
cross-validated baseline predictor as well as the cross-validated predictor that included both
baseline and genomic features. The methylation significantly improved the baseline predictor
for 60 medications, 30 labs, and 64 Phecodes, and led to a median increase of 10.42%,
459.25%, and 15.35% over the baseline predictor’s accuracy (AUC, R?) in each outcome,
respectively (Figure 3.1). The genotypes significantly improved the baseline predictor for 13
medications, 11 labs, and 14 Phecodes, and led to a median increase of 5.10%, 33.79%, and
1.24% increase over the baseline in the AUC and R? of each outcome respectively (Figure

3.1).

The medications that improved the greatest using methylation corresponded to drugs
often prescribed to individuals with neutropenia (hematopoeitic growth factors, AUC base-

line .688 95% CI [.644,.729] to AUC methylation .845 [.811,.877]) or chronic kidney disease
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Figure 3.1: MRS increases prediction accuracy on a variety of outcomes. (Top) The perfor-
mance of the PRS (blue) and MRS (green) predictions on the y-axis with the baseline model
predictions on the x-axis. The performance of binary phenotypes (Phecodes, medications)
is measured using area under the ROC curve (AUC) and the performance of continuous
phenotypes (lab results) is measured using proportion of variance explained (R?). (Bottom)
The disease incidence as a function of the PRS (blue) and MRS (green) binned by deciles
(left, middle); and the observed Urea Nitrogen lab result value plotted against its predicted
value (right).

(phosphate binder agents AUC from .721 [.672, .767] to .893 [.858, .921]). The lab panels best
improved with the addition of the methylation-based predictor included those related to kid-
ney function as well as cell counts (Urea nitrogen baseline adjusted R? .034 [.020,.047] com-
pared to .506 [.475,.538] with methylation, hemoglobin .129 [.105,.153] to .318 [.289,.347]).
The addition of the genotype-based predictor improved greatly the prediction QRS dura-
tion (adjusted R? of .020 [.005,.034] to .072 [.042,.101]) and forced expiratory volume (.210
[.134,.284] to .388 [.301,.475]), both of which are influenced by ancestry [RBS17, HMWO04].

In the context of Phecodes, methylation greatly increased the prediction of advanced renal
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disease over the baseline and genotype models (for example, AUC baseline .734 [.688,.776]
to 0.910 [.880,.936] with methylation), and the genotype model increased the prediction of
heart-related conditions such as AV block (AUC from .524 [.476,.571] to .596 [.553,.643]).

Overall, when looking at the intersection of medications significantly predicted by either
the methylation and genotypes or methylation and baseline, 88% were better predicted by
methylation sites than genotypes (median 9.45% increase) and 80% were better predicted
by methylation compared to the baseline (median 6.90% increase). In the context of sig-
nificantly predicted lab values, methylation explained more variability than the baseline
(median 185% increase) and genotype (median 195% increase) predictors in 97% and 91%
of the respective union of significantly predicted labs. Methylation was more accurate than
the baseline (median 3.80% increase) or genotypes (median 7.51%) for 65% and 83% of each
respective union of Phecodes. For the prediction performance on the full list of phenotypes,

see Supplemental Tables A.2, A.3, and A.4.

Importantly, cell-type composition, age, sex, and ancestry provide sufficient power for
the prediction of many EHR outcomes. In our analyses, we directly compared the power
gained by methylation over this set of baseline features. However, we note that obtaining
these baseline features may be unnecessary as the methylation alone may capture their signal
[Hor13a, Lev10, GGO17, ZMC11, SSW15|. Further, previous reports have suggested that
approaches that fit all methylation probes simultaneously with regularization may perform
better when excluding latent confounders, such as cell type composition [TMP20]. We
therefore suggest that using the methylation alone is sufficient to replicate a substantial

proportion of the associations generated from the baseline features alone.

Using methylation risk scores improves imputation approaches Due to significant
heterogeneity in patient populations, the diagnosis and treatment process can vary widely
between patients, causing many variables to be left unobserved. This sparse structure in the

data must be reconciled before performing many downstream analyses, and the imputation
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accuracy of these unobserved variables is therefore crucial to subsequent steps. A commonly-
used approach for imputation is matrix completion, for example, SoftImpute [MHT10], where
the data matrix is reconstructed from a low-rank representation. Often, one would jointly
use demographic information, diagnosis codes, lab results, and medications to generate an
estimate of the unobserved EHR values using an imputation method such as SoftImpute,

and therefore we used this as our baseline imputation estimate [BLS18].

To investigate whether methylation can add additional useful information to the im-
putation, we included the MRS values as part of imputation procedure and compared the
performance to the estimates that do not take methylation data into account (see Methods).
Specifically, we included cross-validated MRS values for diagnosis codes, lab results, med-
ications, and demographics that were significantly imputed as 261 additional features (i.e.
columns of the input matrix) in the imputation procedure. We randomly removed a subset
of the observed lab results, including other labs that are ordered as part of the same lab
panel(s), and imputed the masked values using the remaining observed values. The imputed
values were then compared to the held-out, masked values to assess the quality of the impu-
tation. In Figure 3.2, we show the imputation accuracy (R? between the masked true and
imputed values) for labs where the addition of cross-validated MRS to the baseline SoftIm-
pute procedure explained significantly more variability. Of the 66 lab results considered, 28
(42.4%) were significantly better imputed by including the MRS values. Including the MRS
values led to a median increase of 71.5% (95% CI 28.8%-99.6%) in the imputation R* values.

Methylation risk scores will improve with larger sample sizes In this study, our
analyses of prediction accuracy were performed on 826 individuals’ methylation and genetic
features. For many phenotypes, the genetic effects are relatively small and require large
sample sizes to identify associations between genomic features and the outcome of interest.
Consequently, in many biobanks the number of individuals with measured genomic features

is several orders of magnitude larger than our sample size [SGA15a, MWGO05, RPB08]|. While
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Figure 3.2: Improvement in lab result imputation performance by including MRS. For lab
results that were significantly better imputed using a matrix completion imputation proce-
dure that included the MRS values, we compare the quality of the imputed values (R?) using
only the EHR data (SoftImpute) to the values generated when including the MRS values in
addition to the EHR data (Softlmpute+MRS).

the methylation data provided sufficient power to significantly predict numerous outcomes,
there may remain much power to be gained by increasing the number of methylation samples

to numbers approaching biobank-scale.
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Figure 3.3: Prediction accuracy may improve with additional samples. We downsampled the
number of individuals to evaluate the prediction performance as a function of sample size
using a well-predicted medication and lab value. The performance is significantly affected
by the number of individuals, suggesting that there is additional power to be gained with
the addition of more methylation samples.

To determine the role of sample size in our prediction accuracy, we performed an experi-
ment in which we downsampled the number of individuals in our data and trained models on
the subsampled data. From the best methylation-predicted outcomes, we chose one medica-
tion, lab, and Phecode on which to perform 10-fold cross-validation. For each sample size, we
repeated the procedure 20 times to attempt to mitigate variance due to ascertainment effect.
Though we selected features that had high accuracy using the full set of data, our results
suggest that our models may become more accurate as the sample size increases (Figure 3.3).

We further posit that there may be additional outcomes that will be significantly predicted

as the number of methylation samples increases.

Comparing MRS to UKBiobank PRS As expected, due to a small sample size and the
likely small effects of SNPs on phenotypes, the PRS developed using the UCLA cohort did
not add substantial predictive power over the baseline features. Studies leveraging biobanks
with sample sizes several magnitudes larger than the cohort at UCLA however, have shown

non-zero heritability for a variety of phenotypes [SGA15a]. Therefore, we sought to compare
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the MRS and PRS generated with the UCLA data to a polygenic risk score created using the
UKBiobank data [SGA15b]. To do so, we obtained the genotype weights corresponding to 10
polygenic risk scores trained on the UKBiobank [SGA15b, STA21, VBA20] data and imputed
the external risk scores into our health record system using PLINK [PNTO07]. We included in
the comparison labs that were significantly predicted by the baseline model and excluded labs
that corresponded to cell counts or labs for which the internal PRS outperformed the external
PRS (indicating a mismatch in the phenotypes or cryptic population structure that was
unaccounted for by principal components). While the external polygenic risk score improved
substantially the imputation performance relative to the internal polygenic risk score, it
did not significantly outperform the methylation for any of the tested phenotypes (Figure
3.4). The methylation remained the best predictor in general-—even when trained on fewer
than 1000 samples—significantly outperforming the other models in the prediction of urea
nitrogen, creatinine, hematocrit, albumin, and mean corpuscular volume. The externally-
derived polygenic risk score greatly outperformed both the internally-derived PRS and the
MRS when predicting glycated hemoglobin and HDL levels, however the improvement was

not significant.

Evaluation of methylation risk scores across ancestral populations Previous re-
ports have suggested that a significant confounder to the application and versatility of poly-
genic risk scores is population structure, where a population-specific bias is induced that
affects generalizability of PRS to different ancestries [DSG19, KMK19, MKK19]. The collec-
tion of samples analyzed throughout this study is ethnically heterogeneous—individuals were
self-identified as non-Hispanic/Latino European, Hispanic/Latino, Black, or Asian. Methy-
lation data is also influenced by differences in population [RSS17], and in particular the first
several methylation principal components sufficiently capture population structure in Euro-
pean and African groups [BAK14, MZM13]). Consequently, we examined the performance

of the methylation risk scores within and across ancestral populations.
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Figure 3.4: Labs as predicted by methylation, genotypes, and an externally-trained polygenic
risk score. The cross-validated R? between the true and imputed lab value on 541 unrelated
patients of non-Hispanic-Latino white-identifying individuals using a baseline predictor as
well as a baseline predictor with methylation, genotypes, and a PRS externally-trained from
UKBiobank summary statistics.

Primarily, after training the models on the entire heterogeneous set of samples, we exam-
ined the predictive performance within each ancestral population. When we examined the
top 10 best-predicted (across the entire set of individuals) lab panels, medications, and Phe-
codes, only 7 of the entire 180 possible comparisons ((3) comparisons across 30 outcomes)
displayed significant differences between the predictive performance within each population

separately (Figures 3.5, A.3, A.4).

In a second replication analysis we trained predictive models within ancestral group-
ings separately. As the individuals self-identified as either Black or Asian comprised less
than 100 individuals in both groupings, we focused our analyses on Hispanic/Latino- and

white-non-Hispanic/Latino-identifying individuals. We retrained models for the top 5 best-
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Figure 3.5: Best methylation-predicted Phecodes within ancestral populations. After train-
ing a model on the entire heterogeneous population of individuals, we evaluated the predic-
tive performance within each population separately. We observed only 4 (of 60) significant
differences between self-reported ancestral groupings.

predicted medications, lab panels, and unique Phecodes on the Hispanic/Latino individuals
and white non-Hispanic/Latino individuals alone and treated a prediction as significant if
its association p-value was lower than .01. Creatinine, hematocrit, mean corpuscular her-
mmoglobin, and urea nitrogen replicated across both groupings, however, hemoglobin did
not replicate in the Latino/Hispanic grouping (Table 3.1). In the context of medications,
CMV agents, osmotic diuretics, phosphate binder agents, hematopoietic growth factors, and
immunosuppressive agents replicated within the white non-Hispanic/Latino population but
only CMV and phosphate binder agents replicated within the Hispanic/Latino population
(Table 3.1). Finally, Phecodes corresponding to immunity deficiency, and end-stage renal
failure replicated within both groupings, however, obesity, anemia, and hypertensive renal

disease replicated only within the white non-Hispanic/Latino set of individuals (Table 3.1).
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Table 3.1: Replication statistics within ethnic groupings. Predictive accuracy (R? and AUC)
for MRS trained within only Latino/Hispanic- or white-non-Latino/Hispanic-identifying in-

dividuals

Outcome Metric| Accuracy, pvalue | Accuracy, pvalue
Hispanic/Latino white, non-
Hispanic/Latino

Creatinine R? 138, 7.23e-05 .366, 6.97e-48
Hematocrit R? .070, 5.49¢-03 255, 2.63e-29
Hemoglobin R? .043, 3.10e-02 267, 7.42e-31
Mean corpuscular R? .096, 1.14e-03 132, 1.04e-14
hemoglobin
Urea nitrogen R? 223, 2.64e-07 444, 3.06e-59
CMV Agents AUC 872, 3.35¢-05 904, 2.93e-19
Osmotic Diuretics AUC 715, .0387 .841, 1.51e-16
Phosphate binder agents | AUC .644, 7.14e-03 841, 3.25e-22
Hematopoietic ~ growth | AUC .645, .0902 795, 6.09¢-19
factors
Immunosuppressive AUC .601, .0863 .840, 7.84e-24
agents
Obesity AUC .626, 5.03e-02 813, 1.01e-21
Immunity deficiency AUC 779, 1.20e-05 814, 2.97e-18
Anemia AUC .5b2, .295 747, 1.64e-12
Hypertensive renal dis- | AUC .b85, .378 767, 6.27¢-18
ease
End-stage renal failure AUC .700, 2.30e-04 .867, 6.45e-31

Replication of methylation risk scores across external datasets To evaluate the
transferability of the MRS to a different population, we performed an experiment in which
we imputed the MRS into an external dataset. The dataset used the HumanMethylation27k
array to measure the methylation of 194 individuals who had Type 1 Diabetes, 49.7% of
whom had nephropathy (cases). We re-trained the models for Phecodes corresponding to
end-stage renal disease and chronic renal disease as well as labs corresponding to creatinine
and urea nitrogen on our data, limiting our analysis to the 27,000 sites that belonged to
the external dataset. The imputed chronic renal disease was significantly associated with
nephropathy in the external dataset (p=7.25e-05, AUC=.676 [.602,.748] as was end-stage
renal disease (p=.0262, AUC=.629 [.554,.705]). Further, both of the imputed values for
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creatinine and urea nitrogen were significantly associated with nephropathy (p=6.36e-07,
AUC=.731 [.661,.802] and p=1.31e-06 AUC=.723 [.652,.794], respectively). Importantly,
when limiting our internal analysis to sites only on the 27k array, the association signal
decreased (for end-stage renal disease, from p=1.02e-74 to p=2.78e-53, chronic renal disease
from p=4.52e-53 to p=4.88e-35, creatinine p=8.22e-103 to p=6.28e-65, and urea nitrogen
p=9.06e-104 to p=4.94e-49). However, likely due to correlation between CpGs, the associa-

tion tests for outcomes trained on the smaller set of sites were still significant.

3.3 Methods

Electronic Health Record Data De-identified electronic health record data for this
study was extracted from the perioperative data warehouse (PDW), a custom-built, robust
data warehouse containing all patients who have undergone surgery at UCLA Health since
the implementation of UCLA’s EMR (EPIC Systems, Madison, WI, USA) in March 2013.
The PDW, which has been described previously [HGP16], has a two-stage design. First, data
are extracted from EPIC’s Clarity database into 29 tables organised around three distinct
concepts: patients, surgical procedures, and health system encounters. Then, these data are
used to populate a series of 4000 distinct measures and metrics such as procedure duration,

admission ICD codes, lab results, and medication orders.

Patient Ascertainment Methylation and genotype samples were collected using blood
from 826 patients as part of the UCLA ATLAS precision health initiative between October
26, 2016 and December 10, 2018. The samples were collected from patients before undergo-
ing surgery with general anesthesia at UCLA Health, and the patients had not undergone
surgery in the 30 days prior to blood sample collection. Of these patients, 302 were selected
for inclusion based on the presence of acute kidney injury (AKI), defined as an Acute Kid-

ney Injury Network (AKIN) classification of one or greater, after undergoing surgery. The
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remaining 558 patients were risk-matched controls, with either glomerular filtration rate
(GFR) less than or equal to 38 (210 patients), or GFR greater than 38 and an AKI risk
score that matched the AKI cases (348 patients). Demographics of the patient population
are further described in Table A.1.

Medication Usage For each medication, a patient was labeled as using a medication if the
electronic health record contained a medication order that occurred before the methylation
sample collection date. Medications were grouped by pharmaceutical subclass using the
Generic Product Identifier (GPI) hierarchical classification system codes. Any medications
that were ordered in fewer than 5% of the patients were excluded from the analysis. In total,
171 pharmaceutical subclasses were considered in our analysis. The number of patients using
medications from each subclass is shown in Supplemental Table A.5. In Supplemental Table
A.6, we show for each pharmaceutical subclass the specific medication that patients in our

cohort received.

Lab Results The most recent lab result prior to the methylation sample collection was
extracted from the PDW for each patient. Any labs with a result date that occurred more
than 365 days before the methylation sample collection date were excluded from the analyses.

Additionally, labs for which there were less than 50 patients with valid results were excluded.

Diagnosis Codes International Classification of Diseases, Ninth Revision (ICD-9) and
International Classification of Diseases, Tenth Revision (ICD-10) codes are a standard set of
diagnosis codes, primarily used for billing purposes. While these codes provide a standardized
methodology for describing a diagnosis, they are very specific. To map these specific diagnosis
codes into meaningful, distinct diseases/traits, Denny et al. aggregated the ICD codes into
phenotype codes (Phecodes) [DRB10, DBR13]. Specifically, for each patient, we queried all
diagnoses prior to the methylation sample collection date, and used the Phecode (version

1.2) mapping to aggregate ICD-9 and ICD-10 codes to unique, meaningful phenotypes. If
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a patient’s diagnosis record had both ICD-9 and ICD-10 labels, the ICD-10 to Phecode
mapping was used instead of the ICD-9 to Phecode mapping. Each Phecode was treated
as a binary variable, indicating the presence or absence of a relevant diagnosis code at any
point in time before sample collection. We excluded rare Phecodes (occurrence less than 5%

of the patients) and, in total, our cohort contained 207 unique Phecode phenotypes.

Preprocessing of genotype data We measured the genotypes for 826 individuals based
on their DNA sampled from whole blood using the ATLAS genotype array. We preprocessed
the genotype data using Beagle (d20) [BBO7], PLINK (1.07) [PNT07], and GCTA (1.93.2)
[YLG11]. We restricted the genotypes to autosomal variants and removed rare variants
(MAF < .05). Using Beagle, we imputed any missing values, but did not impute to an
external dataset. In total we were left with 301,790 SNPs.

Preprocessing of methylation array data We measured methylation data for 826 in-
dividuals based on their DNA sampled from whole blood using the EPIC Illumina array.
To generate beta-normalized methylation levels at each CpG, we ran the default pipeline
of ENmix (1.22.0) [XNL16] on the the raw probe data (IDAT files), which performs back-
ground correction, RELIC dye bias correction, and RCP probe-type bias adjustment. We
removed from our analysis CpGs that coincided with SNP loci as well as CpGs on the sex
chromosome. We also filtered out outlier samples, defined as having a PC score more than 4
standard deviations away from the average PC score in the first two principal components.
In the prediction tasks, we removed sites with low variability (standard deviation < 0.02)

leading to a total of 554,761 sites.

Prediction using baseline medical features To establish a baseline level of predic-
tion performance, we constructed a set of features derived from basic patient information.
We trained a simple linear (or logistic) model with 10-fold cross validation using patients’

age, sex, BMI, methylation-based cell-type proportions (from the reference-based method of

41



Houseman et al. [HAK12]), self-reported ancestry, and first ten genetic principal compo-
nents. Importantly, we wished to establish how well an outcome (medication, Phecode, or

lab value) could be captured by using information that would be available to the clinician.

Prediction using a single penalized linear model After establishing a baseline level
of prediction performance, we performed penalized logistic and linear regression using either
individuals” methylation, genotypes, or both. More concretely, we fit 10-fold cross-validation

using LASSO, elastic net and ridge regularization under the following two models:

y=GBc+Chc+e (3.2)

y=MpBy+CPBc+e (3.3)

where y corresponds to the outcome, G the n x s genotypes, M the n x ¢ methylation data,
B the vector of length-s or -c effect sizes for the given explanatory variable, C' and S¢ the co-
variates from the baseline model and their corresponding effect sizes, and € the length n noise
vector. After fitting all three penalized linear models for a given datatype and outcome, we se-
lected a final model as determined by the model with the highest cross-validated metric (AUC
or R? if the outcome was binary or continuous, respectively). We share MRS weights for out-

comes that were significantly predicted at https://github.com/cozygene/EHR MRS _UCLA.

Imputing lab results using EHR data and MRS values Imputing a partially-observed
matrix of values is often formulated as a matrix-completion problem. In a matrix completion
problem, the observed values of the matrix are used to estimate the values of the unobserved
values by assuming that there is some underlying structure that is responsible for generating
the data. For example, in the popular SoftImpute method [MHT10], the data is assumed
to be well-approximated by a low-rank representation, and the error between the observed
values and the reconstructed values is minimized through a convex optimization procedure.

However, since the unobserved values are, by definition, not observed, and therefore cannot
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be used to assess the imputation performance, the primary method for measuring the per-
formance involves masking (removing) observed values and comparing the imputed values

to these held-out, true values.

The EHR data used in the imputation procedure included demographic information,
diagnosis codes, medication usage, and lab results, which were extracted from the EHR
database using the previously described criteria. In addition to the EHR data, we also ran
the imputation procedure while including relevant MRS values. Specifically, we included the
MRS values for demographics, diagnosis codes, medication usage, and lab results that were
predicted at a statistically significant level. These MRS values were added as additional

observed features to the EHR matrix.

To estimate the imputation performance, we randomly masked 10% of the observed lab
result values, and performed the imputation procedure (SoftImpute matrix completion) to
generate estimates of the missing values. However, since labs are most often ordered in
panels, for example a metabolic panel, if a lab is missing then typically other labs that are
part of the same panel are also missing. We simulated a more realistic missingness scenario
by, instead of masking out values only from a specific lab [, masking out all labs that are
ordered as a panel that include lab [. This masking procedure was done per lab, using 10-fold
cross-validation, such that 10% of the non-missing values of a particular lab result (and its
associated lab panels) were masked (removed), and the remaining 90% of the observed values
were used to complete the matrix. Matrix completion was performed using the SoftImpute
algorithm, as implemented in the fancyimpute [RFO17] python package (version 0.5.5). The
proportion of variance explained (R?) of the true lab values by the imputed lab values
was used to measure the imputation performance. Confidence intervals were derived using

bootstrapping.

Ethical approval and patient consent Retrospective data collection and analysis was

approved by the UCLA IRB. All research was conducted in accordance with the tenets set
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forth in the Declaration of Helsinki.

Data availability The MRS weights for outcomes that were significantly predicted are
located at: https://github.com/cozygene/EHR MRS UCLA. The raw UCLA datasets gen-
erated during and/or analyzed during the current study are not publicly available due to

institutional restrictions on data sharing and privacy concerns.

3.4 Discussion

In this study, we provide a comprehensive investigation of the utility of methylation risk
scores in a clinical setting. We used (to our knowledge) the largest methylation biobank
cohort produced to date, which includes methylation, genotype, and comprehensive EHR
data for all patients. We find that the MRS improved prediction performance over a baseline
model by 10.88%, 189.41% and 11.75% when predicting medication usage, lab panel values,
and diagnosis codes respectively. These contributions are significantly more substantial than

those obtained by PRS.

The vision of genomic biobanks is that the genomic data will be translated into improved
clinical diagnosis and treatment decisions [LV20, Bel17, LH19]. In practice, clinical decisions
are not expected to be based solely on genomic information, but rather on the combination
of the genomic, medical, and demographic information of the patient. While previous stud-
ies have used a limited number of key features as a baseline for imputation of a phenotype
(e.g., age, sex, and major comorbidities) [BLS18, JLY20, MLK16, ZXX17], to the best of
our knowledge, these studies did not take into account the entire familial-genetic or environ-
mental history of the patients. Thus, the question of whether genomic data (methylation
or genetics) can be used to improve imputation over the EHR data is critical in order to
claim clinical relevance. Our results demonstrate that adding MRS to existing EHR-based

imputation frameworks improve prediction accuracy by over 29% in a clinical context.

44


https://github.com/cozygene/EHR_MRS_UCLA

It is well appreciated that PRS are sensitive to the studied population, and it is often the
case that a PRS developed for one ethnic group performs poorly on others [MKK19, DSG19].
It is therefore important to evaluate the population effect on MRS performance. For this
reason, we measured the transferability of our results across different populations, and we
observe that the accuracy of the MRS was robust to population structure. This is likely

driven by the diversity of the training cohort used.

While our study was focused on methylation, there are many other possibilities for the
introduction of genomic data in clinical settings. First and foremost, genetic data has been
heavily studied by others and large biobanks including genetic data of patients already exists.
However, other measurements such as RNA, microbiome, metabolomics, or proteomics may
also be relevant. Some of these have logistic and cost considerations at scale. One of the
advantages of methylation is that DNA biobanks already exist in large numbers, and the
cost of measuring methylation is close to that of measuring genetic data. Moreover, different
genomic measurements provide different snapshots of the patient’s data or health status. For
example, while polygenic risk scores provide a lifetime risk for a patient, methylation risk
scores may provide the current risk of the patient over the last few months [RZB16, Hor13b,
FHH21], and other genomic information may provide risk with the resolution of days or hours
(e.g., RNA or certain metabolomics [LGH15, CGE18, CMT16, AS15]). Nonetheless, owing
to the dynamic nature of methylation, it is currently unclear what the range or duration
of the methylation risk score are. Furthermore, while methylation patterns are associated
with outcomes, it is generally unknown if they cause a disease or are a response to a disease

[RD12].

To assist the research community in investigating methylation in the context of disease, we
provide the MRS predictors for all significantly predicted outcomes at https://github.com/cozygene/EHR
The database may be used by researchers and clinicians in different ways. For example, in
many epigenome-wide association studies (EWAS), in which associations between specific

methylation CpG sites and a phenotype are studied, one may wish to account for patients’
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comorbidities and medications, which are often not available to the study. Using the MRS
database, the researchers leveraging EWAS will be able to incorporate such covariates into

their model.

There are multiple potential next steps for the examination of methylation in clinical
contexts. First, in this work we focused our attention on the imputation of the phenotypes,
or in other words, the inference as to whether the patient is currently diagnosed with a
disease. We hope that our findings will be able to be translated to the inference of future
clinical events, i.e., prediction of future deterioration or disease occurrence. Second, although
our evaluation is across the largest dataset which includes both EHR, methylation, and
genotype data, the sample size of our study is still moderate compared to genetic studies
that are performed on biobanks. Indeed, we demonstrate that for some of the phenotypes,
an increase in sample size will likely lead to a substantially improved prediction accuracy
(Figure 3.3). Moreover, larger sample size data may be able to reveal the quantity or
contribution of genetics verses methylation to the MRS prediction accuracy [TMP20]. We
therefore recommend that future biobanks consider measuring methylation in addition to

the genotypes across a large number of patients.
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CHAPTER 4

Imputation of the continuous arterial line blood
pressure waveform from non-invasive measurements

using deep learning

4.1 Introduction

Each year in the United States, 5.7 million patients are admitted to an intensive care unit
(ICU) and nearly 50 million patients undergo surgery. Hypotension and hypertension in
the ICU and perioperative period are associated with adverse patient outcomes includ-
ing stroke [BPP12], myocardial infarction [WKW16], acute kidney injury [WDG13|, and
death [LST13]. Recent studies even suggest that only a few minutes of hypotension in the
acute care setting increases the incidence of these complications [MNM18]. These obser-
vations strongly suggest that continuous blood pressure monitoring is critical in the acute
care setting to identify periods of hypertension and/or hypotension as early as possible.
Today, the gold standard for blood pressure monitoring is the invasive arterial line, a small
catheter inserted into an artery, which enables continuous blood pressure monitoring [LST13].
However, this technique is highly invasive and is associated with significant complications
such as bleeding, hematoma, pseudoaneurysm, infection, nerve damage, and distal limb is-

chemia [BLL09, KL.S14], and thus it is only applied to very high-risk patients.

On the other hand, the widely used non-invasive blood pressure monitoring system using

cuff-based devices is both inaccurate and intermittent, only allowing for the monitoring
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of blood pressure every three or five minutes [BHV03|. More recently, devices allowing for
continuous and non-invasive blood pressure monitoring have been introduced. These devices,
however, are sensitive to patient movement, they are expensive, and they cause continuous
pressure on the finger that can interfere with blood circulation [YVG18]. Additionally, the
accuracy of the device can deteriorate in patients with severe vasoconstriction, peripheral

vascular disease, or distorted fingers due to arthritis [MS18].

The need for measuring the continuous blood pressure non-invasively suggests that the
physiological waveform of the blood pressure should be imputed from other data. How-
ever, previous attempts at blood pressure imputation have primarily focused on the impu-
tation of discrete systolic and diastolic blood pressure measurements taken intermittently
by cuff [TZ03, XMZ19, XS16, ZRH19] or at the resolution of a heartbeat [SDZ17, KLG13,
DYZ17], while high-risk patients need to be monitored using the continuous arterial line
blood pressure waveform, and thus current methods are not adequate for usage in critical
care settings. Moreover, many of the previously-studied cohorts consisted of healthy patients
at rest, and therefore the blood pressure variability is not as dynamic compared to patients in
the ICU. This calls into question the utility of these approaches in real life settings. Finally,
many of the existing methods developed and tested their models in the same set of patients
by training the model on an earlier part of each patient record and testing the model on
the remaining data. Additionally, the number of patients used was often only several dozen,
all coming from the same health system. This calls into question the generalizability of the
models to unseen patients. For example, Sideris et al. impute the arterial blood pressure
waveform by training the model on the same patient for which arterial blood pressure wave-
forms are provided [SKN16]. However, such a scenario is not clinically useful, since applying

such an approach will require invasive monitoring of the patients for at least part of the time.

In this paper, we present the development, training, and validation of a novel non-invasive
and continuous deep learning method for predicting the arterial blood pressure waveform us-

ing the ECG waveform, the pulse oximeter (PPG) waveform, and non-invasive blood pressure
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cuff measurements. These measurements are collected as part of the current standard-of-care,
and therefore no additional patient monitoring devices are needed. Our method leverages
a well-known deep learning model architecture originally designed for image segmentation
(V-Net [MNA16]), and we adapted it for 1D physiological waveform signals. A key aspect
of our preprocessing pipeline includes a manual labeling of PPG quality in a large subset
of the training data to improve the signal-to-noise ratio and remove artifacts. The man-
ual labeling was used to train a deep neural network to predict the signal quality of the
waveform, resulting in a high-quality preprocessing pipeline that can be used beyond the
scope of this study. We demonstrate that the modified 1D V-Net approach provides a highly
accurate prediction of continuous arterial blood pressure waveform (root mean square error
5.823 (95% CI 5.806-5.840) mmHg), as well as the derived systolic (mean difference 2.398 +
5.623 mmHg) and diastolic blood pressure (mean difference -2.497 + 3.785 mmHg).

As opposed to previous studies, here we show that the modified 1D V-Net approach suc-
cessfully generalizes to new patients. Particularly, we validate the approach on non-healthy
populations from ICUs in two different health systems, and our training and validation

cohorts include different sets of patients.

4.2 Methods

This manuscript follows the Guidelines for Developing and Reporting Machine Learning

Predictive Models in Biomedical Research: A Multidisciplinary View [LPT16]

4.2.1 Study participants and sampling procedures.

The first retrospective, de-identified dataset consisted of 309 randomly sampled ICU patients
with ECG (lead II) waveforms, photo-plethysmographic (PPG) waveforms, arterial blood
pressure (ABP) waveforms, and at least one non-invasive blood pressure measurement from

the MIMIC-IIT waveform database [JPS16, GAG00] matched subset. The 309 patients were
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randomly divided into a training set (206 patients, 66% of the cohort) and a testing set
(103 patients, 33% of cohort). Of these patients, 31 patients from the training set and 14
from the testing set were removed because none of the data were found to pass the quality
filtering process (see Dataset Creation), leaving 175 patients in the training set and 89 in the
testing set. The second retrospective dataset consisted of 150 randomly sampled UCLA ICU
patients with recorded ECG, PPG, and ABP waveforms. The UCLA dataset was divided
into 40 patients for calibrating the model, and 110 patients for testing the model. Of these
patients, 12 were removed from the calibration set and 23 were removed from the testing set
due to issues with waveform data quality, for a final training set of 28 patients and testing

set of 87 patients.

The ABP waveform prediction model was first trained using patients from the MIMIC
training set, and model performance results were computed using patients from the held-out
MIMIC testing set. Then, the model parameters were fine-tuned using patients from the
UCLA calibration set, and model performance results were computed using patients from

the held-out UCLA testing set.

4.2.2 Dataset Creation.
4.2.2.1 Demographic data

Cohort demographic data were extracted for the MIMIC patients using the MIMIC clinical
database. The features extracted included patient age, height, weight, BMI and sex. For de-
identification, patients older than 90 have their age encoded as 300 in the clinical database.
Since we do not know the exact age of these patients, we set their age to 90 years old.
The same demographic information for the UCLA patients was retrieved from the UCLA
Clinical Data Mart, a data warehouse system that extracts data from UCLA’s electronic
medical record system (EPIC Systems, Madison, WI, USA). As was done for the MIMIC
data, any UCLA patients older than 90 years had their age set to a maximum of 90 years
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for de-identification purposes.

4.2.2.2 Normalization of waveforms

In both cohorts, if the signal sampling rate was greater than 100 Hz, each waveform signal
was downsampled to 100 Hz. Each signal was low-pass filtered with a cutoff frequency of 16
Hz to remove high-frequency noise. Since the range of the ECG and PPG signals differed
for each patient, we scaled each 32-second window by subtracting the running median and

dividing by the difference between the upper and lower quartiles.

4.2.2.3 Derived non-invasive blood pressure

Intermittent non-invasive blood pressure (NIBP) measurements were extracted for each pa-
tient from the MIMIC-III database. However, since NIBP measurements were only recorded,
on average, once per hour, the frequency of non-invasive blood pressure measurement was
insufficient. Therefore, we created derived NIBP measurements by sampling the invasive
blood pressure waveform (i.e. median systolic, diastolic BP, and mean ABP in a 4-second
window) every five minutes to simulate the frequency of NIBP measurement that would be
used when deploying the algorithm in practice. Since the derived non-invasive blood pres-
sure was measured every five minutes, but the waveforms were sampled at 100 Hz, we used
the most recent derived NIBP measurement to fill in missing NIBP values. As an additional
feature, we also included the time (in milliseconds) from the most recent NIBP measurement

to each sample in our input window.

4.2.2.4 Correction of signal drift

As mentioned by the authors of the MIMIC dataset [CSV], issues with clock synchronization
can cause waveform signals to drift. We corrected for signal drift between the PPG signal

and the arterial blood pressure signal by computing the cross-correlation of the PPG signal
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Table 4.1: Window filtering statistics for each cohort

MIMIC UCLA
Total minutes, No., mins 1,535,413 240,241
Valid minutes, No., mins 115,388 35,601
Total heartbeats, No. 9,791,870 2,935,846

Total windows per patient,
median (IQR)

8376. (4509.3-16656.3)

4087.0 (2627.5-5414.5)

Valid windows per patient,
median (IQR)

411.5 (90.8-1076.0)

254.0 (67-743)

Total record length per patient,
median (IQR), mins

4467.2 (2404.9-8883.3)

2179.7 (1401.3-2887.7)

Valid record length per patient,
median (IQR), mins

219.5 (48.4-573.9)

135 (35.7-396.5)

Median (IQR), % 18 (1.1-12.9) 8.5 (2.2-24.9)
Mean (SD), % 9.6 (12.4) 15.5 (17.3)
Min/Max % 0.01/63.8 0.02/71.5

under consideration with the arterial blood pressure signal. Once the cross-correlation was

computed, the location of the highest cross-correlation was used to correct the PPG signal

drift by shifting the signal in time, up to a maximum of 4 seconds in either direction.

4.2.2.5 Creation of valid windows

After completing the above preprocessing steps, we selected valid 32-second windows from

the record using a sliding window approach with a 16-second step size. A window size of 32

seconds was chosen since it is long enough to give temporal context for several heartbeats,

yet short enough to ensure that there would be a sufficient number of windows that did not

contain artifacts. See Table 4.1 for filtering rate across each cohort. For each 32-second

window, the following process was used to determine whether the window will be included

in the development or validation of the algorithm.
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4.2.2.6 Filtering of windows with artifacts

Each waveform (ECG, PPG, ABP) was checked for signal quality and windows with technical
artifacts or invalid parameters were removed. Windows were excluded if they met any of the
following criteria for the ECG or PPG data: the variance of the signal was less than a small
value (1e-4 for ECG and PPG), the number of peaks in a window was greater than a threshold
(4 peaks/sec x 32 seconds for both ECG, PPG; 4 peaks/sec results in maximum allowable
HR of 240 beats/min), or the number of peaks in a window was less than a threshold (0.5
peak/sec x 32 seconds for ECG, PPG; 0.5 peak/sec results in minimum allowable HR of 30
beats/min).

For the arterial blood pressure waveform, windows were excluded if they met any of the
following criteria: the mean signal value was less than 30 mmHg or greater than 200 mmHg,
the maximum signal value was greater than 300 mmHg or less than 60 mmHg, the minimum
signal value was less than 20 mmHg, the variance of the signal was less than 80, we could not
find any systolic or diastolic blood pressure values using the find_peaks function from the
scipy [VGO20] Python package, the difference between two consecutive systolic or diastolic
values was greater than 50 mmHg, the waveform signal was flat (i.e. did not change value
for 2 or more consecutive samples), a pulse pressure value in the window was greater than
70 mmHg, the difference between the systolic BP and the most recent NIBP was greater
than 40 mmHg, or the time delay between a diastolic blood pressure measurement and the

subsequent systolic blood pressure measurement was greater than 0.5 seconds.

If a window contained signals that passed all of the above criteria, we performed two
additional filtering steps, and excluded windows that failed either of these criteria: the
number of PPG peaks was different than the number of arterial blood pressure peaks, or the
mean absolute time difference between arterial blood pressure peaks and PPG peaks was
greater than 0.15 seconds (after correcting for signal drift). Finally, outlier windows were

excluded if the mean ECG, PPG, or ABP signal in the window was greater than the 99.9%
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quantile or less than the 0.01% quantile.

Assuming a window under consideration passed the above criteria, it was included in our
training or testing dataset. The input features were then scaled to have a mean of zero and

standard deviation of one using a running mean and standard deviation.

4.2.2.7 Filtering with PPG Quality Index

Since the quality of the PPG waveform is crucial to the performance of our algorithm, we
developed an additional filtering step to remove windows containing artifacts in the PPG
signal. A CNN model was trained to classify four-second PPG windows as valid or invalid
using the PPG waveform as input. To train the model, 4000 four-second PPG windows from
the 206 patients in the MIMIC training set were hand-labeled (by B.L.H.) as valid (2682,
67.1%) if the window was free of artifacts, or invalid (1318, 32.9%) if the window contained
artifacts, using visual inspection. From these 4000 windows, we randomly sampled a subset
of 100 windows and an expert clinician (M.C.) then labeled the windows to estimate the
initial classification quality. In 94% of the sampled windows, the clinicians classification
matched the initial labeling (Cohens kappa: 0.857). We then trained a 3 layer CNN model
(see Supplemental Note 2 in [HRR21] for additional details) on 70% of the patients to predict
the window classification. The models predicted probability of being a valid window was
then used as a quality index (QI) to exclude windows highly likely to contain artifacts. The
remaining 30% of patients (separate from the training patients) from the MIMIC training set
were held out for model validation. The quality index threshold for filtering was chosen as
the minimum threshold (value: 0.811) achieving a positive predictive value (precision) of at
least 0.95 in the validation set. This method of setting the threshold was chosen to reduce the
number of windows containing artifacts (false positives) when training and testing the ABP
waveform prediction models, while minimizing the threshold to be as sensitive as possible.
Since the ABP waveform prediction model uses thirty-two second windows as input, yet the

PPG QI model uses four-second windows, the PPG QI model was applied to the eight non-
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overlapping four-second windows contained within a thirty-two second window, generating
a total of eight PPG QI values per window. The minimum PPG QI value in a thirty-two
second ABP prediction window was used to determine if the signal quality was greater than

or less than the PPG QI filtering threshold.

4.2.2.8 Waveform features

To improve the ABP waveform imputation we included two features derived from the non-
invasive signals that have been previously shown to be predictive of blood pressure values:
pulse arrival time (PAT) and heart rate (HR) [XMZ19, SDZ17, KLG13]. Calculation of
the pulse arrival time was achieved by first identifying the ECG R wave using the peak
finding algorithm implemented in the scipy [VGO20] Python package, and then identifying
the PPG systolic peaks using the peak finding algorithm. The number of seconds between
the ECG R wave peak and the subsequent PPG systolic peak were then calculated. PAT
values were excluded from a window if the value was deemed to be unreasonably small (j0.1s)
or unreasonably large (;1.0s). Finally, for each window, the median (log-transformed) and
standard deviation of the PAT were used as two additional input feature channels. If PAT
values were excluded or unavailable, the missing values were imputed using the median

observed value.

Additionally, the HR was calculated for each window using the PPG signal. The scipy
peak finding algorithm was similarly used to detect the PPG systolic peaks. Then, the
number of these peaks found in a given window was divided by the window length (in
seconds) and multiplied by the number of seconds in a minute to give the resulting HR in
beats per minute. The HR was also included as an additional input feature channel for each

window. Any missing HR values were imputed using the median observed value.
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4.2.3 Comparison with other methods

The performance of two other methods were used as a comparison: PPG scaling and the

LSTM model of Sideris et al. [SKN16]

4.2.3.1 PPG Scaling

Previous work has shown the utility of the PPG signal for predicting blood pressure measure-
ments [TZ03, XMZ19, XS16, ZRH19, SDZ17, KLG13, DYZ17, SKN16]. These approaches
use manual feature extraction [TZ03, XMZ19, ZRH19, DYZ17] or learn features from the
data using machine learning methods [XS16, SDZ17, KL.G13, SKN16]. Since the PPG wave-
form is correlated with the ABP waveform, one approach for predicting the ABP waveform
uses the PPG waveform as a template shape and scales the magnitude of the PPG signal in
a given window to match the most recent systolic and diastolic pseudo-NIBP measurements.
Specifically, the PPG waveform is stretched such that the maximum value in the window is
equal to the most recent systolic NIBP measurement, and the minimum value in the window
is equal to the most recent diastolic NIBP measurement. The PPG window was scaled using

the transformation

NIBP,ys — NIBPyjqs
max(PPG) — min(PPG)

PPGaieq = (PPG — min(PPG)) + NIBPy,, (4.1)

4.2.3.2 LSTM Model

Sideris et al. [SKN16] proposed training a patient-specific LSTM model (i.e. one model per
patient) to impute the ABP waveform, using the PPG signal from the same window of time
as input. While the results were promising, a critical issue is that the model requires that

each patient first receive invasive blood pressure monitoring so a patient-specific model can
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be trained. However, this means that only a fraction of the patient population can benefit
from such a model (the subpopulation that receives invasive blood pressure monitoring),
and only after they have already undergone invasive monitoring. Therefore, the algorithm
may not generalize to the majority of the patient population who do not receive invasive
monitoring. To fairly compare the LSTM model to our proposed model, we trained the
model as described in the paper, using 128 nodes as a default since the number of nodes was

not described.

4.2.4 Algorithm development.

We developed a deep learning model that takes as input a window of two signals, ECG and
PPG, and several constant values encoded as additional channels by repeating the value
for each timestep: the most recent non-invasive systolic, diastolic, and mean blood pressure
measurements prior to the window, the time since the most recent NIBP measurement,
the median and standard deviation of the pulse arrival time, and heart rate. The model
is trained to minimize the residual difference between the PPG scaling method and the
true ABP waveform to compensate for the difference in waveform morphology, as well as
the change in BP over time. This forces the network to focus on windows where the PPG
scaling significantly differs from the ABP waveform, and therefore improve on the PPG
scaling method. With enough data and a large enough model, the neural network should
be able to similarly learn the scaling method. However, to accelerate the learning process
we designed the method to learn the residual error. The model output is a prediction of
the residual difference between the continuous ABP waveform and the baseline PPG scaling
waveform, and this predicted residual difference is added to the PPG scaling waveform to
generate the 1D V-Net waveform prediction. The deep learning model architecture was
based on the V-Net CNN architecture, which has been proven to be useful in the field
of image segmentation [MNA16] (see Supplemental Note 1 in [HRR21] for description).

However, instead of 2D or 3D image segmentation, we leveraged the V-Net architecture for
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1D signal-to-signal transformation. The motivation behind the V-Net architecture is that
it learns a compressed representation of the input data to identify global features, and then
reconstructs the signal from this representation. During the reconstruction process, local
features are learned to modify the waveform at a finer scale. Our architecture is the same as
described in the V-Net paper [MNA16], except instead of 3D volumes with multiple channels
our data is represented as a 1D signal with multiple channels. Otherwise, the architecture
(number of layers, convolutions per layer, kernel size, etc.) remained the same. An additional
L2 penalty was added to the activation of the final network layer to force the network to

prioritize modification of the PPG scaling residual waveform.

To train the network, we used a custom loss function consisting of two parts. The first
was the mean squared error between the true ABP waveform and the predicted waveform,
which forces the network to learn an accurate prediction of the entire waveform. The second
part of the loss was the mean squared error between the true and predicted waveforms at
the locations of the systolic and diastolic points, to encourage the network to be particularly

accurate at these locations.

The deep-learning model was implemented using Keras [Col5] and was trained for a
maximum of 100 epochs using random weight initialization and the Nadam [Doz16] optimizer
with default parameters betal of 0.9, beta2 of 0.999. The learning rate used was 0.001 with
a schedule decay of 0.004, and the mini-batch size was 32. For the last layer of the network,
an L2 activation penalty with weight 0.0005 was added. Ten percent of the training data
was held out for validation, and these data were used for choosing hyperparameters. If the

validation loss did not improve after 8 epochs, the model training process was stopped early.
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4.2.5 Algorithm evaluation.
4.2.5.1 Bland-Altman

To evaluate the agreement between the gold standard invasive blood pressure measure-
ments (the arterial catheter) and the DNN predictions, we used the Bland and Altman
method [MAS86] as this is the standard method for comparing the agreement of two medical
devices. Accuracy and precision of the predictions were described as the mean + standard
deviation of the differences between the predicted and true blood pressure values, and the
differences are considered acceptable by the Association for the Advancement of Medical
Instrumentation (AAMI) criteria if less than 5 + 8 mmHg. The method was implemented as
follows. For each window under consideration, we extracted the systolic and diastolic blood
pressure measurements from the ABP waveform using the peak finding algorithm described
previously. These measurements were used as the gold standard reference values. We then
used the peak finding algorithm on the DNN-generated waveform to determine the systolic
and diastolic blood pressure measurements and used these as the comparison values. If the
number of systolic or diastolic points identified by the peak finding algorithm differed be-
tween the true and predicted waveforms, we performed local alignment by minimizing the
sum of the differences between the indices of the true and predicted waveform points. We
then took the difference between the reference blood pressure measurement and the pre-
dicted blood pressure measurement pairs, and plotted these differences as a function of the
average of the reference and predicted value pairs. The 95% confidence intervals (CI) were

calculated using bootstrapping.

4.2.5.2 Waveform Metrics

Two metrics were used to quantitatively compare the quality of the predicted waveform and
the true ABP waveform: root mean square error (RMSE) and correlation. These values were

calculated for all windows per patient. The 95% confidence intervals (CI) were calculated
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Table 4.2: Cohort Characteristics of MIMIC and UCLA Data

Characteristic 1(\flﬂ\:ﬂ§)9) glciAlSO)
Male, No. (%) 178 (56.9) | 80 (53.3)
Age, mean (SD), years 63.4 (16.2) | 46.5 (20.1)
BMI, mean (SD), kg/m? 30.3 (9.3) 24.9 (4.7)
Height, mean (SD), cm 168.7 (10.4) | 172.8 (11.1)
Weight, mean (SD), kg 85.0 (25.6) | 73.8 (19.0)
Systolic BP, mean (SD), mmHg | 106.4 (13.5) | 102.6 (11.9)
Diastolic BP, mean (SD), mmHg | 57.9 (11.5) | 54.1 (9.1)
Mean BP, mean (SD), mmHg 74.8 (12.1) | 71.3 (8.9)

using bootstrapping.

4.2.5.3 Error as a function of time since NIBP measurement

RMSE was calculated as a function of time from the most recent NIBP measurement. The
time between the window and the most recent NIBP measurements were binned into ten
second intervals, and for each bin the mean and SD of the RMSE between the true and

predicted waveforms was calculated.

4.3 Results

4.3.1 Description of dataset and features

Two separate cohorts of ICU patients were used in this study to train and validate the
method. The first cohort consisted of randomly sampled ICU patients from the Medical
Information Mart for Intensive Care version III (MIMIC-III) [JPS16] waveform database
who had ECG waveforms, photo-plethysmographic (PPG) waveforms, arterial blood pres-
sure (ABP) waveforms, and at least one non-invasive blood pressure measurement. After

exclusion of patients with insufficient data, the remaining 264 patients were then randomly
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Figure 4.1: Examples of input waveforms for 1D V-Net model (a) 4-second sample of elec-
trocardiogram (ECG) waveform and (b) a 4-second sample photo-plethysmograph (PPG)
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Table 4.3: Root Mean Square Error (mean (95% CI)) for each cohort
Method MIMIC UCLA

PPG Scaling | 6.895 (6.876-6.914) 9.108 (9.078-9.137)
Sideris et al. | 13.940 (13.901-13.978) | 13.111 (13.072-13.151)
D V-Net | 5.823 (5.806-5.840) | 6.961 (6.937-6.985)

Table 4.4: Correlation (mean (95% CI)) between true and predicted blood pressure for each
cohort

Method MIMIC UCLA

PPG Scaling | 0.938 (0.938-0.938) | 0.926 (0.925-0.926)
Sideris et al. | 0.939 (0.939-0.939) | 0.940 (0.940-0.940)
1D V-Net 0.957 (0.957-0.957) | 0.947 (0.947-0.948)

separated into disjoint training and testing sets, with 175 and 89 patients, respectively (see
Methods). The MIMIC dataset was used for primary training of the model. The second co-
hort of patients consisted of 115 ICU patients (after excluding patients with invalid records,
see Methods) from the UCLA Health hospital system who had ECG, PPG, and ABP wave-
form records. These patients were randomly separated into two disjoint groups: 28 patients
for secondary fine-tuning (calibration) of the MIMIC-based model, and 87 patients for testing

the method. Summary cohort demographic information is shown in Table 4.2.

The ECG and PPG waveforms, the most recent NIBP measurements, the time since the
most recent NIBP measurement, the pulse arrival time, and the heart rate were used as
input to a deep learning model that was trained to predict the continuous blood pressure
waveform that occurred during the timeframe of the input window. An example window of
ECG and PPG waveforms used as input to the algorithm is shown in Figure 4.1. The true
blood pressure waveform and the predicted waveform that corresponds to the window shown
in Figure 4.1 are shown in Figure 4.2a. Figure 4.2b and Figure 4.2¢ show examples of how

the predicted ABP waveform compares to the arterial line for much longer timeframes.
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Figure 4.2: Example ground truth & predicted waveforms (a) 4-second window (for the input
data shown in Figure 1) and >3 hour records (b) and (c). The true continuous blood pressure
waveform is shown above in green, and the predicted blood pressure waveform shown below

in red.
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4.3.2 Waveform quality evaluation

One of the unique features of our approach is that it provides a prediction of the continuous
blood pressure waveform, and not simply summary statistics such as systolic or diastolic
blood pressure in a window. To evaluate the quality of the waveform generated by 1D V-
Net, we compared the predicted ABP waveform to the ground-truth ABP waveform obtained
from the arterial line. Time was split into windows of constant duration (32 seconds). For
measuring the method performance, we used the root mean square error (RMSE) and the
correlation between the true and the predicted signals within each window. As shown in Ta-
ble 4.3, for both cohorts, we observed a low RMSE value (MIMIC RMSE 5.823 mmHg, 7.8%
of true MAP; UCLA RMSE 6.961 mmHg, 9.8% of true MAP) when comparing the true and
predicted waveforms. Additionally, the correlation between the arterial line waveform and
the 1D V-Net predicted waveform was high across both sets of patients (MIMIC correlation
0.957, UCLA correlation 0.947) (see Table 4.4).

As an additional waveform quality analysis, we compared the systolic and diastolic values
derived from the arterial line and the predicted ABP waveforms. For each heartbeat in a
window, we computed the systolic and diastolic blood pressure, and compared those values
to the imputed blood pressure waveform generated by our algorithm. In Figure 4.3, Bland-
Altman plots were used to show the differences between the predicted and true measurements
across a range of blood pressure values (see Methods) for each patient in the MIMIC test
set (Figure 4.3a) and UCLA test set (Figure 4.3b). The algorithms predicted waveform
accurately tracks the true blood pressure values in both the MIMIC cohort (mean difference
systolic BP 4.297 + 6.527 mmHg, diastolic BP mean difference -3.114 4+ 4.570 mmHg) and
the UCLA cohort (mean difference systolic BP 2.398 + 5.623 mmHg, diastolic BP -2.497
+ 3.785 mmHg). In both cohorts, the 1D V-Net model performance meets the Association
for the Advancement of Medical Instrumentation (AAMI) criteria with mean differences less

than 5 £ 8 mmHg.
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Figure 4.3: Bland-Altman plots for the MIMIC and UCLA ICU test cohorts

. Systolic BP

measurements per patient (left), and Diastolic BP measurements per patient (right) using
a thirty-two second window; horizontal error bars represent the standard deviation of the
blood pressure values, vertical error bars represent the standard deviation of the differences;
solid lines indicate the mean difference values, dashed lines indicate the mean difference
values +/- 1 and 2 times the standard deviation of the differences. Results for MIMIC are

shown in (a), and UCLA in (b).
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Table 4.5: Bland-Altman accuracy and precision (mean (95% CI) 4/- SD (95% CI)) for each
cohort

Method MIMIC UCLA
PPG Scaling | 6.133 (6.128-6.139) 2.668 (2.662-2.674)
Systolic BP + 6.870 (6.864-6.876) + 5.692 (5.684-5.699)
Sideris et al. | 11.474 (11.462-11.486) 8.899 (3.887-8.012)
+ 13.020 (13.011-13.029) | = 11.418 (11.409-11.427)
1D V-Net | 4.297 (4.291-4.303) 2.398 (2.392-2.404)
+ 6.527 (6.522-6.533) + 5.623 (5.616-5.629)
PPG Scaling | -4.848 (-4.852-4.843) ~3.595 (-3.600-3.591)
Diastolic BP + 4.975 (4.970-4.981) + 3.978 (3.973-3.983)
Sideris et al. | -12.821 (-12.831-12.811) “15.620 (-15.630-15.610)
+ 11.174 (11.166-11.182) | = 9.154 (9.146-9.162)
ID V-Net | -3.114 (-3.118 3.110) ~2.497 (-2.501-2.493)
+ 4.570 (4.565-4.576) + 3.785 (3.781-3.789)

4.3.3 Method comparison

Next, we compared the performance of 1D V-Net with the performance of the long short-
term memory (LSTM) model described in Sideris et al. and with PPG scaling. PPG scaling
uses the PPG waveform as a template shape and scales the magnitude of the PPG signal
in a given window to match the most recent systolic and diastolic NIBP measurements. We
observe that 1D V-Net achieves the lowest RMSE and the highest correlation across both
cohorts (see Table 4.3 and 4.4) and, additionally, the PPG scaling performs better than the
LSTM model for both metrics. To demonstrate the improvement in the imputed waveform
quality, in Supplemental Figure 4 in [HRR21] we compared the residual error for PPG
scaling and 1D V-Net in a 4-second window. The waveform generated by the 1D V-Net
model provides not only a more accurate prediction of the systolic and diastolic values, but

also the overall waveform shape compared to the PPG scaling.

Table 4.5 contains the distribution of differences between the true and predicted systolic

and diastolic BP for each method across both cohorts (see also Supplemental Figures 1, 2,
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and 3 in [HRR21] for the Bland-Altman plots that correspond to Table 4.5). In the MIMIC
cohort, the PPG scaling method (mean difference systolic BP 6.133 4+ 6.870 mmHg, diastolic
BP mean difference -4.848 + 4.975 mmHg) performed better than the LSTM model (mean
difference systolic BP 11.474 4+ 13.020 mmHg, diastolic BP mean difference -12.821 + 11.174
mmHg), and 1D V-Net outperformed both of the other methods. Similarly, in the UCLA
cohort, the PPG scaling method (mean difference systolic BP 2.668 4+ 5.692 mmHg, diastolic
BP mean difference -3.595 + 3.978 mmHg) was more accurate than the LSTM model (mean
difference systolic BP 8.899 4+ 11.418 mmHg, diastolic BP mean difference -15.620 + 9.154
mmHg), and 1D V-Net outperformed both methods.

4.3.4 Dependence of model on NIBP measurements

As the model is intermittently calibrated with NIBP measurements, we wanted to measure
the error as a function of time since the most recent NIBP value was obtained. Since
the LSTM model does not rely on NIBP measurements at all, the RMSE remains relatively
constant over time. However, the LSTM model has the highest RMSE of all methods (13.940
(95% CI13.901-13.978) mmHg for MIMIC, 13.111 (95% CI 13.072-13.151) mmHg for UCLA).
Both the PPG Scaling and 1D V-Net do see a minor increase in error as time from the NIBP
measurement increases (see Supplemental Figures 5 and 6 in [HRR21] for MIMIC and UCLA
cohorts, respectively). However, our algorithm achieves a lower RMSE compared to both
the Sideris et al. model (mean difference 8.05 £+ 0.45 for MIMIC, 6.13 £ 0.27 for UCLA)
and PPG Scaling (mean difference 1.07 & 0.05 for MIMIC, 2.14 £ 0.02 for UCLA) across

all time points.

4.4 Discussion

We have presented a novel method for imputing the arterial blood pressure waveform that

is continuous, non-invasive, accurate, and does not require any additional hardware beyond
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what is standard monitoring in the acute care setting (ECG, pulse oximeter, non-invasive
blood pressure cuff). This predicted waveform would allow clinicians to monitor blood
pressure continuously in patients that otherwise receive blood pressure measurement inter-
mittently. With this continuous and non-invasive monitoring, clinicians would be able to
rapidly identify changes in patient state and intervene, which is crucial when even a short
span of hypotension or hypertension can lead to poor health outcomes. Additionally, we
have developed a preprocessing pipeline that leverages machine learning to identify windows
containing low-quality signals with high precision and sensitivity. The preprocessing pipeline

can be generally useful in applications that utilize physiological waveforms.

Our approach leverages the V-Net deep learning architecture (see Supplementary Note
1in [HRR21]), which has been previously used successfully for image segmentation. Deep
learning techniques have led to the development of many predictive models focusing on
diagnostic applications in medicine [GPC16, EKN17, ROC18, HRH19], resulting in promising
applications including diagnosis tools for diabetic retinopathy [GPC16], skin cancer [EKN17]
and arrhythmia detection using electrocardiograms (ECG) [HRH19]. Notably, the majority
of methods using deep learning in medicine have focused on classification problems, such
as diagnosis, and not regression. Our approach differs from previous approaches, since it
provides regression results as opposed to diagnosis, and to the best of our knowledge, the
modified 1D V-Net approach has never been applied to physiological waveforms in this

context.

The vast majority of ICU patients would benefit from the proposed system. Since two-
thirds of patients in the ICU do not receive continuous blood pressure monitoring, imputing
the ABP waveform allows clinicians to better monitor these patients without the need for any
additional devices. The proposed system utilizes measurements that are currently part of
the standard of care for all ICU patients, and therefore would not disrupt the current clinical
workflows. Furthermore, in the remaining one-third of patients that do receive invasive blood

pressure monitoring, the imputed waveform can be utilized as a secondary data source in
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case of instrument failure or technical artifacts, or might obviate the need for an invasive

monitor that may cause complications.

An additional advantage of a continuous blood pressure monitoring system based on
machine-learning software is that the model has the potential to be further improved over
time with additional training data. Hospitals will continue to collect data on patients that
undergo invasive blood pressure monitoring and this data can be used to update the model.
This would allow the model to learn any hospital-specific instrumentation or patient popu-
lation differences. For device-based continuous and non-invasive blood pressure monitoring,
the performance is most often fixed at the time of deployment and cannot be updated or
improved over time. Therefore, a machine-learning based software approach is at an advan-

tage.

While other computational methods for predicting beat-to-beat blood pressure measure-
ments have been developed, they predict only the systolic/diastolic blood pressure measure-
ments and not the actual continuous waveform. Methods for imputation of systolic and
diastolic blood pressure non-invasively utilize handcrafted features including pulse transit
time [XMZ19, SDZ17], heart rate [XMZ19, SDZ17, KLG13], perfusion index [XMZ19], stiff-
ness index [XMZ19], reflection index [SDZ17], systolic/diastolic volume [SDZ17], and PPG
intensity ratio [DYZ17]. These features are then used as input to machine learning mod-
els [TZ03, XMZ19, XS16, ZRH19, SDZ17, KLG13, DYZ17, SKN16]. The arterial blood
pressure waveform can be used to estimate important cardiac parameters such as stroke
volume (SV), cardiac output (CO), cardiac power output (CPO), vascular resistance, and
pulse pressure variation, which can only be calculated using the ABP waveform, not the
beat-to-beat measurements. Measurements like CPO are clinically relevant, and have been
shown to be predictive of outcomes such as mortality [MCP07, FHLO4]. Additionally, the
imputed blood pressure waveform can be used as input to predictive algorithms which use
the arterial blood pressure waveform as input, such as predicting hypotensive events up to

15 minutes before they occur [HJB18]. Another limitation of previous studies is the limited
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number of patients used to train and evaluate models. The small sample sizes, most often
only several dozen patients and from a single health system, calls into question the gener-
alizability of the methods. To demonstrate the wide applicability of our proposed method,
we used data from over four hundred patients and two separate health systems to show that

our model successfully predicts the continuous blood pressure waveform in new patients.
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CHAPTER 5

Learning Higher-Order Dynamics in Video-Based

Cardiac Measurement

5.1 Introduction

Many of the properties of dynamical systems only become apparent when they move or
change as the result of forces applied to them. In most applications we are interested in
behavior in terms of positions, velocities, and accelerations, and in some cases the properties
of interest may only be observed in subtle variations in the higher-order dynamics (e.g.,
acceleration). Whether monitoring the flight of a drone to create a control mechanism for
stabilization or analyzing the fluid dynamics of the cardiovascular system in the human
body, there can be a need to recover these dynamics accurately. However, most video-based
systems are trained on lower-order signals, such as position in the case of landmark tracking
or velocity /rate-of-change (optical flow) in the case of visual odometry [NNB04]. Thus, they
optimize for lower (zeroth or first) order dynamics. Does this harm their ability to estimate
higher order changes? We hypothesize that networks trained to predict temporal signals
will benefit from combined multi-derivative learning objectives. To test this hypothesis,
we explore video-based cardiac measurement as an example application with a complex
dynamical system (the cardiovascular system) and introduce simple but effective changes
to the inputs and outputs to significantly improve the measurement of clinically relevant

parameters.

Photoplethysmography (PPG) is a low-cost and non-invasive method for measuring the
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cardiovascular blood volume pulse (BVP). There are many clinical applications for PPG
as the signal contains substantial information about health state and risk of cardiovascular
diseases [EFL19, RSM08, PTG20]. In the current world, an acutely relevant application of
PPG is for pulse oximetry (i.e. measuring pulse rate and blood oxygen saturation) as it can be
used to detect low blood oxygen levels associated with the onset of COVID-19 [GKI21]. The
COVID-19 pandemic has accelerated the adoption of teleheath systems [APH20] with more
and more clinical consultations being conducted virtually. Therefore, techniques for remotely
monitoring physiological vital signs are becoming increasingly important [GDM21, RRN21].
As one might expect, with many clinical applications the precision with which the PPG signal
can be recovered is of critical importance when it comes to accurate inference of downstream

conditions and the confidence of practitioners in the technology.

To date, in video-based PPG measurement the primary focus of analysis and evalua-
tion has been on features extracted from the raw waveform or its first derivative. However,
the second derivative of the PPG signal highlights subtle features that can be difficult to
discern from those in the lower derivatives. Since the second derivative reflects the accel-
eration [Tak93] or the rate-of rate-of change of the blood volume, it is more closely related
to the change in pressure applied by the heart on blood vessels and its relation to vascular

health.

An example of a particular feature accentuated in the second-derivative (i.e. acceleration)
PPG is the dicrotic notch (see Fig. 5.1), which occurs when the heart’s aortic valve closes
due to the pressure gradient between the aorta and the left ventricle. The dicrotic notch
may only manifest as an inflection in the raw PPG wave; however, in the second derivative
this inflection is a maxima. [IKY17] found that the second derivative of the PPG signal
can be used as an indicator of arterial stiffness - which itself is an indicator of cardiac
disease. [TTF98] evaluated the second derivative of the PPG waveform and found that its
characteristic shape can be used to estimate vascular aging, which was higher in subjects

with a history of diabetes mellitus, hypertension, hypercholesterolemia, and ischemic heart
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disease compared to age-matched subjects without.

While the second derivative of a signal can be a rich source of information, often the
zeroth- or first-order dynamics are given priority. For example, [CM18] observed that training
video- or imaging-based PPG (iPPG) models using first-derivative (difference) frames as
input with an objective function of minimizing the mean squared error between the prediction
and the first derivative of the target BVP signal was effective. This approach was used
because the authors were designing their system to measure systolic time intervals only,
which are most prominent in the lower order signals. However, they did not combine this
with higher-order derivatives nor did they do any systematic comparison across derivative

objectives.

We argue that a model trained with an explicit second-derivative (acceleration) objective
should produce feature representations that better preserve/recover these dynamics than
methods that simply derive acceleration from velocity. We observe that providing the model
with a second derivative input also helps the network to better predict both the first and

second derivative signals.

Finally, as labeled data for training supervised models for predicting dynamical signals
is often difficult to come by, we build on promising work in simulation to obtain our training
data. Our results show that models trained with synthetic data can learn parameters that
successfully generalize to real human subjects. While this is not a central focus of our paper,

we believe that it presents a promising proof-of-concept for future work.

To summarize, in this paper, we 1) demonstrate that directly incorporating higher-order
dynamics into the loss function improves the quality of the estimated higher-order signals in
terms of waveform morphology, 2) show that adding second-derivative inputs additionally im-
proves performance, and 3) we describe a novel deep learning architecture that incorporates
the second derivative input frames and target signals and evaluate it against clinical-grade

contact sensor measurements.
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5.2 Background

Learning Higher-Order Motion from Videos. Despite its significance in many tasks,
acceleration is often not explicitly modeled in many computer vision methods. However,
there is a small body of literature that has considered how to recover [EJ17] and amplify
optical acceleration [ZPV17, TOM18]. Given that acceleration can be equally as important as
position and velocity in understanding dynamical systems, we argue that this topic deserves

further attention.

A particularly relevant problem to ours is identifying small changes in videos [WRS12,
ZPV17, CM20, TOM18], and specifically in acceleration in the presence of relatively large
motion. As an example, in the iPPG prediction task the aim is to identify minor changes
in skin coloring due to variation in blood flow patterns, while ignoring major pixel changes
due to subject or background motion. One method proposed by [ZPV17] for overcoming
this signal separation problem is Video Acceleration Magnification, in which large motions
are assumed to be linear on the temporal scale of small changes while small changes deviate
from this linearity. An extension to this method focused on making it more robust to sudden
motions [TOM18]. In both cases, a combination of Eulerian and Lagrangian approaches was
used, rather than utilizing a supervised learning paradigm. Of relevance here is also work
magnifying subtle physiological changes using neural architectures [CM20], which have been

shown to effectively separate signal and noise in both the spatial and temporal domains.

Our work might be most closely related to prior research into feature descriptors for op-
tical acceleration [EJ17]. One example uses histograms of optical acceleration to effectively
encode the motion information. However, this work also defined handcrafted features, rather
than learning representations from data. Our work is also related conceptually to architec-
tures such as SlowFast [FFM19] in that it utilizes multiple “pathways” to learn different
properties of the dynamics within a video. We were inspired by this approach; however, un-

like SlowFast, we focus specifically on higher-order pathways rather than slower and faster
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frame sequences.

Video-based Cardiac Measurement. Diffuse reflections from the body vary depend-
ing on how much light is absorbed in the peripheral layers of the skin and this is influenced by
the volume of blood in the capillaries. Digital cameras can capture these very subtle changes
in light which can then be used to recover the PPG signal [WBS00, TO07, VSN08, PMP10].
The task then becomes separating pixel changes due to blood flow from those due to body
motions, ambient lighting variation, and other environmental factors that we consider noise
in this context. While earlier methods leveraged source separation algorithms [WBS16],
such as ICA [PMP10] or PCA [LRK11], neural models provide the current state-of-the-
art in this domain [CM18, LFP20, LNC21, SCC21, LHZ21]. These architectures support
learning spatial attention and source-specific temporal variations and separating these from
various sources of noise. Typically, the input to these models are normalized video frames
and the output is a 1-D time series prediction of the PPG waveform or the heart rate. A vast
majority of work has evaluated these methods based errors in heart rate estimation, which
considers the dominant or “systolic” frequency alone. Only a few papers have used more

challenging evaluation criteria, such as the estimation of systolic to diastolic peaks [MGP14].

5.3 Optical Basis

We start by providing an optical basis for the measurement of the pulse wave using a camera
and specifically the second derivative signal. Starting with Shafer’s Dichromatic Reflection
Model (DRM)[WBS16, CM18, LFP20], we want to understand how higher order changes in
the blood volume pulse impact pixel intensities to motivate the design of our inputs and loss

function. Based on the DRM model the RGB values captured by the cameras as given by:

Cr(t) =I(t) - (vs(t) +vq(t)) + v,(t) (5.1)
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where I(t) is the luminance intensity level, modulated by the specular reflection v4(t) and
the diffuse reflection v,(t). Quantization noise of the camera sensor is captured by v,(t).

I(t) can be decomposed into stationary and time-varying parts v,(t) and vs(t) [WBS16]:

v4(t) =uq - do +u, - p(t) (5.2)

where u,4 is the unit color vector of the skin-tissue; dj is the stationary reflection strength; u,, is
the relative pulsatile strengths caused by hemoglobin and melanin absorption; p(t) represents
the physiological changes. Let us assume for simplicity in this case that the luminace, I (i.e.,
illumination in the video) is constant, not time varying, which is a reasonable assumption
for short videos and those in which the subject can control their environment (e.g., indoors).

Then differentiating twice with respect to time, ¢:

O?Ci(t) . 0%,(t)  0uy N 0u,(t)  O*w,(t)

o2 - a2 T on o2 o2 ) (5.3)

The non-time varying part ug - dy becomes zero. Thus simplifying the equation to:

0*C(t)
ot?

DPvg(t)  0%uy(t) 82vn(t))
ot? ot? ot?

=7 (5.4)

Furthermore, if specular reflections do not vary over time (e.g., if the camera and subject
are stationary), the v4(t) term will also become zero. This means that the second derivative
changes in pixel intensities are a sum of second derivative changes in PPG and camera noise.
With current camera technology, and little video compression, image noise is typically much
smaller than the PPG signal. Therefore, we would expect the pixel changes to be dominated

by second derivative variations in the blood volume pulse:

FOu) _ 0w, (t)

ot2 o (5:5)



As such, we can infer that when attempting to estimate the second derivative of the PPG
signal from videos without very large motions or illumination changes, second derivative
changes in the pixel space would appear helpful and that minimizing the loss between the
second derivative prediction and ground truth will be the simplest learning task for the
algorithm when the input is second-derivative pixel changes.

Left Ventricle Ejection Time (LVET)
BVP _— / Systollc Peak

N '
Systolic Foot

First Derivative

Second Derivative

time (s)

Figure 5.1: The Left Ventricle Ejection Time (LVET) is the duration between the beginning
and end of the systolic phase. This interval corresponds to the opening and closing of the
heart’s aortic valve, during which the left ventricle ejects blood into the system. In the PPG
waveform, this interval begins at the diastolic point and ends with the dicrotic notch.

5.4 Our Model

To test our hypothesis we incorporate higher-order dynamics into a model via the loss func-
tion and as inputs to see if they will provide a better estimation of the higher-order dynamics
of the target signal. We propose a multi-derivative convolutional attention network architec-
ture (see Fig. 5.2) that operates separately on each set of derivative input frames to extract

sequences of features, and then maps these sequences to the target derivative signals. The

7



convolutional attention network (CAN) paradigm was first described by [CM18] to capture
the spatial-temporal changes with convolutional operations and uses soft-attention masks to
help segment the subject from the background and focus on relevant regions of the body.
In our case, we used a CAN architecture with three branches: (1) a first-derivative branch,
(2) a second-derivative branch, and (3) an attention branch. The first-derivative branch
extracts features from the differences between consecutive video frames, and similarly the
second-derivative branch that extracts features from the difference-of-difference frames. The
attention branch uses the raw video frames to learn attention masks (one per frame) that
encourage the network to prioritize regions of the image that contain useful signal (e.g.
participant’s skin) and ignore noisy regions (e.g. background). These attention masks are
shared between the first-derivative branch and the second-derivative branch as we expect
the same spatial regions to contain first and second derivative information. After feature
representations are extracted from frames within each derivative-input branch, the features
are concatenated together for each time step and the target signals are then generated using
recurrent neural network (RNN) layers. A diagram depicting the architecture used for our

experimentation is shown in Fig. 5.2.

5.4.1 Predicting multi-derivative target signals

The goal of iPPG is to obtain an estimate of the underlying PPG signal p(¢) (as in Eq. 5.2),
while only observing video frames X () containing a subject’s skin (in this case the face).

Mathematically, this can be described as learning a function:

p(t) = f(X(1)) (5.6)

Or, because we are interested in changes in blood volume changes, estimating the first

derivative of the PPG signal:
p(t) = f(X(1), X'(1)) (5.7)
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Figure 5.2: Our multi-derivative architecture used for experimentation. Spatial features are
extracted separately for each set of derivative frames using 3D convolutional layers and mean
pooling layers. Once feature representations are extracted, the temporal features from each
branch are concatenated together and recurrent layers are used for modeling the temporal
signals. The first- and second-derivative losses are calculated as the mean absolute error
between the predictions and the synchronized ground-truth PPG signal.

Where the first derivative PPG signal is defined as:

p'(t) = p(t) —p(t —1) (5.8)

Using prior methods, to obtain an estimate of the PPG signal’s second derivative, one
would either differentiate the predicted PPG signal twice, or differentiate the predicted first-
derivative PPG once, rather than calculate the acceleration PPG directly. In contrast, we
explicitly predict the acceleration PPG waveform as a target signal. We define the second

derivative waveform as the difference between consecutive first-derivative time points:

p'(t) =p'(t) —p'(t—1) (5.9)

Then we train our model to predict the second derivative waveform p”(t) = f(X(t), X'(¢))
given a set of input video frames X (¢) and the corresponding normalized difference frames

X'(t). To optimize our model parameters we minimize the mean squared difference between
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the true and predicted second derivative waveforms:

L= 2300 - 50 (5.10)

5.4.2 Leveraging multi-derivative inputs

It has been previously shown that the normalized difference frames are useful for predicting
the first derivative PPG waveforms. Therefore, we hypothesized that incorporating the
second derivative of the raw video frames X”(¢t) = X'(t) — X'(t — 1) (i.e. the difference-
of-difference frames) may also be useful for predicting the PPG signal and its derivatives.
Similar to the difference frames, we added a separate convolutional attention branch, where
the attention mask is shared between both branches (see Fig. 5.2). Sharing the attention
mask is a reasonable assumption as we would expect skin regions to all exhibit the signal
and similar dynamics. After the feature maps in each branch are pooled into a single value
per feature at each time step, the learned representations are concatenated together. These
concatenated features over time are used as input sequences to the recurrent layers that

generate the target waveforms.

Given that difference frames X'(¢) are useful for predicting the first derivative PPG
waveforms, features learned from the difference-of-difference frames X" (¢) may be beneficial
for predicting the second derivative PPG signal. In theory, if difference-of-difference features
are indeed useful for predicting the acceleration PPG, then the CAN network should be able
to learn those features from the difference frames due to the 3D convolutional operations.
However, manually adding the difference-of-difference frames could help guide the model.
To examine the effect of combining higher-order inputs and target signals, we fit a model

p'(t) = f(X(t),X'(t), X"(t)) to predict the second-derivative PPG.
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5.5 Experiments

In this section we will describe the data used to train and evaluate our method and perform

a systematic ablation study in which we test different combinations of inputs and outputs.

5.5.1 Data

Training To train our models using a large and diverse set of subjects, we leverage re-
cent work that uses highly-parameterized synthetic avatars to generate videos containing
simulated subjects with various movements and backgrounds [MHW20]. To drive changes
in the synthetic avatars’ appearance, the PPG signal is used to manipulate the base skin
color and the subsurface radius [MHW20]. The subsurface scattering is spatially weighted
using an artist-created subsurface scattering radius texture that captures variations in the
thickness of the skin across the face. Using physiological waveforms signals from the MIMIC
Physionet [GAGO0] database, we randomly sampled windows of PPG waveforms from real
patients. The physiological waveform data were sampled to maximize examples from dif-
ferent patients. Using the synthetic avatar pipeline and MIMIC waveforms, we generated
2,800 6-second videos, where half of the videos were generated using hand-crafted facial
motion/action signals, and the other half using facial motion/action signals extracted using

landmark detection on real videos. Examples of the avatars can be found in Appendix B.1.1.

Testing Given that we are focusing on recovering very subtle changes in pixel intensities
due to the blood volume pulse, we use a highly controlled and very accurately annotated
dataset of real videos for evaluation. The AFRL dataset [EBM14] consists of 300 videos
from 25 participants (17 male and 8 female). Each video in the dataset has a resolution of
658x492 pixels sampled at 30 Hz. Ground truth PPG signals were recorded using a contact
reflective PPG sensor attached to the subject’s index finger. Each participant was instructed
to perform three head motion tasks including rotating the head along the horizontal axis,

rotating the head along the vertical axis, and rotating the head randomly once every second
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Table 5.1: Quantitative performance comparison between different architecture configura-
tions. Values shown are (mean £ standard deviation). Beats-per-minute (BPM); First
Derivative (FD); Heart Rate (HR); Mean Absolute Error (MAE); Second Derivative (SD);
Left Ventricle Ejection Time (LVET).

Input Frames Target Signals HR MAE (BPM) LVET MAE (ms)
FD SD FD SD

(FD-Optimized) v X v X 0.66 £+ 2.07 108.26 £ 56.19
4 X v 4 1.63 + 4.21 64.77 + 31.04
4 X X 4 1.68 £+ 4.85 27.29 £ 22.68
4 v v X 0.88 + 2.75 75.41 + 43.47
4 v v 4 1.16 £ 3.67 65.99 + 31.88
(SD-Optimized) v v X 4 3.41 £ 8.77 52.07 &£ 19.53

to one of nine predefined locations. Since our goal in this work was to compare methods
for estimating subtle waveform dynamics, which can be more difficult to do in the presence
of large motion, we focused here on the first two AFRL tasks where participant motion is

minimal. Examples of AFRL participants can be found in Appendix B.1.1.

5.5.2 Implementation details

We trained our models using a large dataset of generated synthetic avatars and evaluated
model performance on the AFRL dataset, which consists of real human subjects. For each
video, we reduced the resolution of the video to 36x36 pixels to reduce noise and compu-
tational requirements while maintaining useful spatial signal. The input to the attention
branch was T raw video frames. The input to the first-derivative branch was a set of T nor-
malized difference frames, calculated by subtracting consecutive frames and normalizing by
the sum. The input to the second-derivative branch was a set of T'— 1 difference-of-difference
frames (second derivative frames), calculated by subtracting consecutive normalized differ-
ence frames (i.e. the T frames used as input to the motion branch). In our experiments,

we used a window size of T' = 30 video frames to predict the target signals for the corre-
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sponding 30 time points. During training, a sliding window of 15 frames (i.e. 50% overlap
between consecutive windows) was used to increase the total number of training examples.
The model was implemented using Tensorflow [AAB16] and trained for eight epochs using

the Adam [KB17] optimizer with a learning rate of 0.001, and a batch size of 16.

5.5.3 Systematic Evaluation

To measure the effect of using multi-derivative inputs and outputs, we systematically removed
the second-derivative parts of the model and used quantitative and qualitative methods to
examine the change in model performance. To quantitatively measure the quality of the
predicted signal, we calculated two clinically important parameters - heart rate (HR) and the
left ventricular ejection time (LVET) interval (see Appendix B.1.3 for details). Video-based
HR prediction has been a major focus of iPPG applications, with many methods showing
highly-accurate results. HR can be determined through peak detection or by determining
the dominant frequency in the signal (e.g. using fast Fourier transform). Since current iPPG
methods are able to achieve sufficiently-low error rates on the HR estimation task, we believe

that metrics that capture the quality of waveform morphology should also be considered.

The LVET interval is defined as the time between the opening and closing of the heart’s
aortic valve, i.e. the systolic phase when the heart is contracting (see Fig. 5.1). In the
PPG waveform, this interval begins at the diastolic point (i.e. the global minimum pressure
within a heartbeat cycle) and ends with the dicrotic notch (i.e. local minimum occurring after
systolic peak, marking the end of the systolic phase and the beginning of the diastolic phase).
LVET typically is correlated with cardiac output (stroke volume x heart rate) [ HHK90], and
has been shown to be an indicator of future heart failure as the time interval decreases with

left-ventricle dysfunction [BQH18].

Calculating LVET requires identification of the diastolic point and the dicrotic notch.
The diastolic point is a (global) minimum point within a heart beat, meaning it corresponds

to a positive peak in the second derivative signal according to the second-derivative test.
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Similarly, the dicrotic notch is a (local) minimum in the PPG signal, and appears as a
positive peak in the second derivative following the diastolic peak in time. Because the
dicrotic notch can often be a subtle feature, it is much easier to identify in the PPG’s second
derivative compared to the raw signal. Therefore, it is a good example of clinically-important

waveform morphology that is best captured by higher-order dynamics.

Removing the second-derivative frames In Table 5.1, quantitative evaluation met-
rics (HR and LVET) are shown for all experiments in our ablation study, using tasks 1 and
2 from the AFRL dataset. Removing the second-derivative (SD) frames results in the model
configurations in the top three rows of Table 5.1. When SD frames are removed, the result
is a general decrease in the HR error. However, there is also a general increase in LVET
interval prediction error, which suggests that including the SD frames leads to improved

estimation of waveform morphology.

Removing the first-derivative target signal Intuitively, models that are optimized
using a loss function specifically focusing on a single objective will perform better in terms of
that objective compared to models trained with loss functions containing multiple objectives.
By removing the first-derivative target signal from the training objective, the model is focused
to exclusively focus on the second-derivative (SD) objective. Empirically, this leads the SD-
Optimized model to have the lowest LVET MAE of any model configuration (last row of
Table 5.1). While the SD-Optimized model achieves the lowest LVET error, the HR error is
the highest of any configuration. These results suggest that there are performance trade-offs

to consider when designing a system for particular downstream tasks.

Removing the second-derivative target signal When the second-derivative target
signal is removed from the model, the optimization procedure is purely focused on improving
the prediction of the first derivative. The FD-Optimized model (first row of Table 5.1) serves
as a form of baseline, since previous works have focused on using first-derivative (FD) frames
to predict the first-derivative PPG signal. Fig. 5.4 shows a Bland-Altman plot [MASG]

comparing the FD-Optimized and SD-Optimized error distributions as a function of the
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ground-truth values both HR and LVET intervals.

Perhaps unsurprisingly, our results show the FD-Optimized model achieves the lowest HR
MAE (0.66 £ 2.07 BPM) of any model configuration examined and, in particular, improves
HR estimation compared to models without the first derivative target signal. However, the
FD-Optimized model also has the worst performance in terms of the LVET MAE (108.26
+ 56.19 ms) of any model configuration. This suggests that while the configuration pro-
vides an accurate assessment of the heartbeat frequency, the quality of predicted waveform

morphology can be improved by incorporating second-derivative information.

Qualitative comparisons For a qualitative comparison, in Fig. 5.3 we plot the ground-
truth, FD-Optimized, and SD-Optimized PPG, first derivative, and second derivative. Ad-
ditionally, in the bottom panel of Fig. 5.3 we overlay the true and predicted LVET intervals
for each signal to demonstrate model performance. For additional qualitative comparisons,

see Appendix B.2.

5.6 Conclusions

Using the task of video-based cardiac measurement we have shown that when learning rep-
resentations for dynamical systems that appropriately designing inputs, and optimizing for
derivatives of interest can make a significant difference in model performance. Specifically,
there is a trade-off between optimizing for lower-order and higher-order dynamics. Given
the importance of second-derivatives (i.e., acceleration) in this, and many other video un-
derstanding tasks, we believe it is important to understand the trade-off between optimizing
for targets that capture different dynamic properties. In cardiac measurement in particular,
the LVET is one of the more important clinical parameters and can be better estimated
using higher-order information. While we have investigated the importance of higher-order
dynamics in the context of video-based cardiac measurement, this paradigm is generally

applicable. We believe future work will continue to showcase the importance of explicitly
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incorporating higher-order dynamics.
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True PPG — FD-optimized Prediction —— SD-optimized Prediction ——

[

Normalized Raw
PPG Amplitude
o

Normalized 1st Derivative
PPG Amplitude

Normalized 2nd Derivative
PPG Amplitude

Time (seconds)

Figure 5.3: Comparison of true (black) and predicted (blue and green) raw or zeroth order
(top), first order derivative (middle), and second order derivative (bottom) waveforms. The
blue and green lines reflect two models: predicting the first derivative (blue) and predicting
the second derivative (green). Diastolic points are labeled with red dots, and dicrotic notches
are labeled with blue dots. LVET intervals are labeled by dotted red lines. Notice how the
points of interest are generally more obvious in the second derivative waveforms, as they
are maxima rather than inflections. Also note that the LVET time intervals for the second
derivative model are generally more similar to those from the contact (true) PPG.
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Figure 5.4: Bland-Altman plots comparing error distributions for average task heart rate
(left) and LVET intervals (right) for the model optimized for first-derivative prediction (blue)
and the model optimized for second-derivative prediction (green). (left) The absolute differ-
ence between the true and predicted heart rate for each subject/task. (right) The absolute
difference between the predicted and true values (y-axis, in milliseconds) is plotted as a func-
tion of the true LVET (x-axis, in milliseconds). The solid line represents the mean error,
and the dotted lines represent the 95% confidence intervals (£ 1.96 x standard deviation).
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APPENDIX A

Supplementary Material - The methylation risk score
is an informative biomarker within electronic health

record systems

Phecode

Medication A

Lab

50 100
Number significantly predicted

o

Baseline Genotypes [l Methylation

Figure A.1: Significantly predicted outcomes per data type. Total number of significantly
predicted outcomes when using the baseline alone, as well as including either set of genomic
features in addition to the baseline. We used an association test of the cross-validated
predictors and the true outcome and adjusted for multiple testing using Bonferroni correction
at a nominal threshold of 0.05.
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dicted (Left) medications, (Middle) labs, and (Right) Phecodes, with Baseline and Genotype
prediction performance results for comparison.
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Missing Overall
n 860
Age, mean (SD) 0 61.0 (15.9)
Sex, n (%) F 0 367 (42.7)
M 493 (57.3)
BMI, mean (SD) 1 27.2 (6.5)
AKIN Classification, n (%) 0.0 0 558 (64.9)
1.0 190 (22.1)
2.0 28 (3.3)
3.0 84 (9.8)
GFR > 38, n (%) False 0 385 (44.8)
True 475 (55.2)
Self-Reported Ethnicity, n (%) Cuban 0 1(0.1)
Hispanic or Latino 130 (15.1)
Hispanic/Spanish origin Other 12 (1.4)
Mexican, Mexican American, Chicano/a 37 (4.3)
Not Hispanic or Latino 671 (78.0)
Patient Refused 5 (0.6)
Puerto Rican 3(0.3)
Unknown 1(0.1)
Self-Reported Race, n (%) American Indian 0 1(0.1)
Asian 77 (9.0)
Black 74 (8.6)
Declined to Specify 7(0.8)
Other Race 141 (16.4)
Pacific Islander 3 (0.3)
White or Caucasian 557 (64.8)

Table A.1:  Cohort patient demographics.

AKIN is the Acute Kidney Injury Network
(Classification, BMI is Body Mass Index, GFR is glomerular filtration rate.
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes
CMV Agents 0.80 (0.75-0.86) 0.90 (0.86-0.94) 0.78 (0.72-0.84)
Phosphate Binder Agents 0.72 (0.68-0.77) 0.89 (0.86-0.92) 0.72 (0.67-0.77)
Osmotic Diuretics 0.74 (0.69-0.79) 0.86 (0.82-0.90) 0.71 (0.66-0.77)
Hematopoietic Growth Factors 0.69 (0.65-0.73) 0.84 (0.80-0.88) 0.66 (0.62-0.71)
B-Complex w/ Folic Acid 0.70 (0.65-0.76) 0.84 (0.80-0.88) 0.68 (0.63-0.73)
Immunosuppressive Agents 0.77 (0.72-0.81) 0.83 (0.79-0.87) 0.75 (0.71-0.80)
Metabolic Modifiers 0.70 (0.63-0.76) 0.83 (0.78-0.88) 0.70 (0.64-0.76)
Anti-infectives - Throat 0.73 (0.67-0.79) 0.79 (0.74-0.84) 0.73 (0.67-0.77)
Thrombolytic Enzymes 0.70 (0.61-0.76) 0.79 (0.73-0.83) 0.65 (0.59-0.71)
Alkalinizers 0.70 (0.62-0.77) 0.77 (0.71-0.83)  0.57 (0.47-0.67)
Prostatic Hypertrophy Agents 0.75 (0.70-0.79) 0.75 (0.71-0.80) 0.74 (0.70-0.78)
Potassium Removing Agents  0.66 (0.60-0.70) 0.75 (0.70-0.79) 0.56 (0.50-0.63)
Antacids - Bicarbonate 0.77 (0.71-0.83)  0.74 (0.66-0.81) 0.63 (0.56-0.71)
Plasma Proteins 0.68 (0.63-0.72) 0.74 (0.69-0.78) 0.66 (0.62-0.70)
Cephalosporins - 4th Genera- 0.66 (0.57-0.74) 0.73 (0.64-0.82) 0.65 (0.58-0.73)

tion
HMG CoA Reductase

In-

hibitors

0.71 (0.68-0.75)

0.72 (0.68-0.76)

0.71 (0.67-0.74)

Continued on next page
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Table A.2: Mean (95% confidence interval) area under
the ROC curve for predicting medication usage, grouped
by pharmaceutical subclass, using the baseline, methyla-
tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes
Imidazole-Related Antifungals 0.68 (0.62-0.73) 0.72 (0.66-0.77) 0.67 (0.61-0.72)
Vasodilators 0.53 (0.49-0.58) 0.72 (0.68-0.76) 0.46 (0.41-0.51)
Salicylates 0.70 (0.67-0.74) 0.71 (0.68-0.74)  0.70 (0.66-0.73)
Bone Density Regulators 0.70 (0.63-0.76) 0.71 (0.66-0.77) 0.66 (0.59-0.73)
Cycloplegic Mydriatics 0.79 (0.72-0.84) 0.71 (0.64-0.77) 0.68 (0.62-0.75)
Specialty Vitamins Products ~ 0.61 (0.52-0.68) 0.71 (0.64-0.79) 0.60 (0.53-0.67)
Gallstone Solubilizing Agents  0.62 (0.54-0.72) 0.71 (0.63-0.79) 0.60 (0.51-0.71)
Antiseptics - Mouth/Throat 0.60 (0.53-0.66) 0.69 (0.63-0.76) 0.58 (0.51-0.65)
Impotence Agents 0.70 (0.65-0.74) 0.69 (0.63-0.75)  0.64 (0.56-0.71)
Proton Pump Inhibitors 0.61 (0.57-0.64) 0.69 (0.66-0.72) 0.60 (0.56-0.64)
Phosphate 0.67 (0.61-0.75) 0.69 (0.62-0.77)  0.65 (0.58-0.72)
Tron 0.66 (0.62-0.71) 0.68 (0.64-0.72) 0.65 (0.61-0.69)
Anti-infective Misc. - Combi- 0.64 (0.60-0.70) 0.68 (0.64-0.72) 0.64 (0.59-0.68)
nations

Parenteral Therapy Supplies  0.56 (0.50-0.62) 0.68 (0.61-0.73) 0.53 (0.47-0.59)
Gout Agents 0.66 (0.61-0.71) 0.67 (0.62-0.73)  0.63 (0.58-0.68)
Alternative Medicine - M’s  0.57 (0.50-0.64) 0.67 (0.61-0.73) 0.58 (0.51-0.65)
Insulin 0.64 (0.61-0.67) 0.67 (0.63-0.71) 0.63 (0.59-0.67)

Continued on next page
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes
Alpha-Beta Blockers 0.54 (0.50-0.59) 0.67 (0.63-0.71) 0.51 (0.47-0.55)
Anti-infective Agents - Misc. ~ 0.60 (0.55-0.64) 0.67 (0.63-0.71) 0.58 (0.53-0.62)
Loop Diuretics 0.62 (0.58-0.65) 0.67 (0.62-0.70) 0.61 (0.58-0.65)
Antiflatulents 0.61 (0.55-0.66) 0.66 (0.61-0.72) 0.58 (0.52-0.64)
Magnesium 0.59 (0.55-0.63) 0.66 (0.62-0.71) 0.57 (0.52-0.60)
Carbohydrates 0.63 (0.59-0.67) 0.66 (0.61-0.70) 0.61 (0.58-0.65)
Laxatives - Miscellaneous 0.60 (0.56-0.64) 0.66 (0.62-0.70) 0.59 (0.55-0.63)
5-HT3 Receptor Antagonists  0.57 (0.53-0.61) 0.66 (0.62-0.70) 0.56 (0.53-0.60)
Antihistamines - 0.63 (0.59-0.68) 0.66 (0.62-0.70) 0.62 (0.59-0.66)
Ethanolamines

Nitrates 0.63 (0.58-0.67) 0.66 (0.61-0.70) 0.61 (0.56-0.66)

Cephalosporins - 3rd Genera-
tion

Opioid Antagonists

Thiazides and Thiazide-Like
Diuretics
Glucocorticosteroids

Dibenzapines

0.61 (0.57-0.65)

0.60 (0.55-0.65)
0.66 (0.61-0.71)

0.61 (0.57-0.64)
0.60 (0.52-0.67)

0.66 (0.62-0.70)

0.66 (0.61-0.71)
0.65 (0.60-0.71)

0.65 (0.62-0.69)
0.65 (0.59-0.72)

0.59 (0.55-0.63)

0.59 (0.53-0.64)
0.66 (0.60-0.70)

0.60 (0.56-0.64)
0.54 (0.47-0.61)

Continued on next page
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes
Calcium 0.61 (0.56-0.66) 0.65 (0.61-0.70) 0.58 (0.54-0.62)
Calcium Channel Blockers 0.59 (0.55-0.63) 0.65 (0.61-0.69) 0.59 (0.55-0.64)
Fluoroquinolones 0.55 (0.50-0.58) 0.65 (0.61-0.69) 0.53 (0.49-0.56)
Biguanides 0.66 (0.61-0.70) 0.64 (0.59-0.69)  0.65 (0.61-0.71)
Thyroid Hormones 0.64 (0.59-0.68) 0.64 (0.59-0.69) 0.65 (0.61-0.70)
Local Anesthetic Combina- 0.57 (0.53-0.61) 0.64 (0.60-0.68) 0.54 (0.49-0.59)
tions

Heparins And Heparinoid-Like
Agents

Diabetic Supplies

Potassium

Antacid Combinations

Zinc

Liquid Vehicles

Electrolyte Mixtures
Antitussives
Sympathomimetics

Saline Laxatives

0.61 (0.57-0.65)

0.65
0.60

(0.59-0.70)
(0.55-0.64)
0.63 (0.58-0.68)
0.68 (0.60-0.77)
0.61 (0.53-0.67)
0.58 (0.54-0.62)
0.48 (0.42-0.55)
0.60 (0.55-0.64)

( )

0.58 (0.54-0.62

0.64 (0.60-0.68)

0.64 (0.58-0.70)
0.64 (0.60-0.68)
0.64 (0.59-0.70)
0.64 (0.56-0.72)
0.64 (0.58-0.71)
0.64 (0.60-0.68)
0.64 (0.58-0.70)
0.64 (0.60-0.68)
0.64 (0.60-0.68)

0.60 (0.56-0.64)

0.63
0.59
0.61

(0.57-0.69)
(0.55-0.62)
(0.56-0.66)
0.62 (0.53-0.70)
0.58 (0.51-0.66)
0.57 (0.53-0.61)
0.40 (0.33-0.47)
0.60 (0.56-0.64)

( )

0.56 (0.52-0.61

Continued on next page
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes
Antiarrhythmics Type 111 0.56 (0.48-0.63) 0.64 (0.56-0.71) 0.45 (0.38-0.53)
Analgesics Other 0.60 (0.56-0.63) 0.64 (0.59-0.67) 0.58 (0.54-0.61)
Glycopeptides 0.61 (0.56-0.65) 0.64 (0.59-0.67) 0.60 (0.55-0.65)
Vasopressors 0.58 (0.54-0.62) 0.64 (0.60-0.67) 0.56 (0.52-0.60)
Stimulant Laxatives 0.62 (0.58-0.65) 0.63 (0.60-0.67) 0.61 (0.57-0.64)
Antihypertensive ~ Combina- 0.68 (0.61-0.73) 0.63 (0.56-0.70) 0.61 (0.54-0.67)
tions

Diagnostic Radiopharmaceuti-
cals

Surfactant Laxatives
Antiperistaltic Agents
Benzodiazepines
Antidepressants - Misc.
Bicarbonates

Ophthalmic Steroids
Ophthalmics - Misc.
Sulfonylureas

Antibiotics - Topical

0.58 (0.54-0.62)

0.61
0.55
0.61

(0.56-0.64)
(0.48-0.62)
(0.56-0.64)
0.69 (0.62-0.76)
0.62 (0.56-0.70)
0.67 (0.62-0.72)
0.65 (0.59-0.70)
0.61 (0.54-0.68)

( )

0.55 (0.50-0.59

0.63 (0.59-0.68)

0.63 (0.59-0.67)
0.63 (0.56-0.70)
0.63 (0.59-0.67)
0.63 (0.55-0.71)
0.63 (0.55-0.70)
0.63 (0.57-0.69)
0.63 (0.57-0.68)
0.63 (0.56-0.69)
0.62 (0.58-0.67)

0.58 (0.54-0.63)

0.61
0.53
0.60
0.56

(0.57-0.64)
( )
( )
( )
0.57 (0.50-0.65)
( )
( )
( )
( )

0.46-0.60
0.55-0.64
0.48-0.64
0.63 (0.56-0.69
0.66 (0.61-0.72
0.57 (0.49-0.63

0.53 (0.49-0.59

Continued on next page
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass

Baseline

Methylation

Genotypes

Cobalamins
Bacterial Vaccines
Platelet ~ Aggregation  In-
hibitors

Penicillin Combinations
Steroid Inhalants
Tetracyclines

Lozenges

Alpha-2 Receptor Antagonists
(Tetracyclics)

Beta Blockers Cardio-Selective
Phenothiazines

Angiotensin II Receptor An-
tagonists

Coumarin Anticoagulants
Irrigation Solutions

Gastrointestinal Stimulants

0.61 (0.54-0.66)
0.59 (0.54-0.64)
0.64 (0.60-0.68)
0.56 (0.52-0.61)
0.50 (0.41-0.59)
0.52 (0.46-0.58)
0.59 (0.53-0.67)
0.66 (0.57-0.74)
0.54 (0.51-0.58)
0.53 (0.49-0.58)
0.62 (0.58-0.66)

0.61 (0.56-0.68)
0.60 (0.52-0.68)
0.54 (0.49-0.59)

0.62 (0.56-0.68)
0.62 (0.58-0.67)
0.62 (0.57-0.67)

0.62 (0.57-0.66)

0.62 (0.53-0.71)
0.62 (0.56-0.68)
0.61 (0.54-0.69)

( )

0.61 (0.51-0.71

0.61 (0.57-0.65)
0.61 (0.56-0.66)

0.61 (0.57-0.66)

0.61 (0.55-0.67)
0.61 (0.53-0.68)
0.61 (0.56-0.66)

0.58 (0.52-0.64)
0.58 (0.54-0.62)
0.62 (0.58-0.66)

0.56 (0.51-0.60)
0.55 (0.46-0.64)
0.41 (0.35-0.46)
0.45 (0.39-0.52)
0.64 (0.55-0.73)

0.53 (0.49-0.57)
0.48 (0.44-0.53)
0.60 (0.56-0.64)

0.58 (0.53-0.63)
0.57 (0.50-0.65)
0.51 (0.46-0.56)
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass

Baseline

Methylation

Genotypes

Serotonin-Norepinephrine Re-
uptake Inhibitors (S...
Antidiarrheal /Probiotic
Agents - Misc.

Laxative Combinations
Diagnostic Drugs

Urinary Anti-infectives

Misc. Nutritional Substances
Expectorants

Posterior Pituitary Hormones
Bronchodilators - Anticholin-
ergics

Potassium Sparing Diuretics
Antihistamines-Topical

Water Soluble Vitamins
Antacids - Calcium Salts
Radiographic Contrast Media
Ophthalmic Local Anesthetics

0.65 (0.57-0.73)
0.60 (0.52-0.66)
0.59 (0.54-0.65)
0.60 (0.56-0.66)
0.61 (0.54-0.68)
0.56 (0.51-0.61)
0.53 (0.46-0.60)

(0.46-0.58)

( )

0.55-0.65

0.52
0.60
0.61 (0.56-0.67
0.53 (0.45-0.62
0.56
0.56 (0.51-0.61

0.60

( )
( )
(0.52-0.61)
( )
(0.56-0.64)
( )

0.66 (0.60-0.73

0.60 (0.53-0.68)
0.60 (0.53-0.68)
0.60 (0.55-0.65

0.60

(
(0.56-0.65
0.60 (0.53-0.68
(
(

)
)
)
0.60 (0.54-0.65)

0.60 (0.52-0.67)

0.59 (0.52-0.66)

0.59 (0.54-0.65)

0.59 (0.52-0.65

0.59 (0.50-0.66

0.59 (0.54-0.64

( )
( )
0.59 (0.55-0.63)
( )
0.59 (0.55-0.63)
0.59 (0.51-0.67)

0.56 (0.48-0.65)
0.57 (0.51-0.65)
0.56 (0.51-0.62

0.59

(
(0.55-0.63
0.56 (0.48-0.63
(
(

)
)
)
0.55 (0.51-0.59)
0.39 (0.33-0.48)
0.41 (0.35-0.47)
0.57 (0.51-0.62)
0.59 (0.53-0.66
0.37 (0.29-0.43
0.55
0.54 (0.49-0.60

0.60

( )
( )
(0.49-0.60)
( )
(0.56-0.64)
( )

0.60 (0.51-0.67
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass

Baseline

Methylation

Genotypes

Azithromycin

Beta Blockers Non-Selective
Antiadrenergic Antihyperten-
sives

Ophthalmic Anti-infectives
Antianxiety Agents - Misc.
Opioid Agonists
Antiarrhythmics Type I-B
Antiemetics - Anticholinergic
Anesthetics - Misc.

Herpes Agents
Cephalosporins - 1st Genera-
tion

Serotonin Modulators

H-2 Antagonists

Artificial Tears and Lubricants

Local Anesthetics - Amides

0.59 (0.54-0.64)
0.57 (0.48-0.66)
0.58 (0.51-0.65)

0.60
0.57

(0.55-0.65)
(0.50-0.65)
0.58 (0.53-0.62)
0.55 (0.51-0.58)
0.55 (0.47-0.62)
0.51 (0.47-0.55)
0.51 (0.44-0.58)
0.55 (0.51-0.58)
0.55 (0.49-0.61
0.55 (0.51-0.59

( )
( )
0.59 (0.52-0.65)
0.57 (0.53-0.61)

0.59 (0.53-0.63)
0.58 (0.50-0.67)
0.58 (0.52-0.66)
0.58 (0.53-0.63
0.49-0.66
0.54-0.62
0.58 (0.54-0.61

( )
0.58 ( )
( )

( )

0.58 (0.50-0.64)
( )

( )

( )

0.58

0.58 (0.54-0.61
0.58 (0.51-0.63
0.58 (0.54-0.62
0.57 (0.52-0.63
0.57
0.57
0.57

( )
(0.54-0.62)
(0.49-0.64)
( )

0.54-0.62

0.59 (0.53-0.63)
0.57 (0.48-0.66)
0.51 (0.44-0.57)
0.54 (0.48-0.61)
0.51 (0.44-0.59)
0.56 (0.51-0.61)
0.53 (0.49-0.56)
0.50 (0.43-0.58)
0.47 (0.43-0.50)
0.50 (0.44-0.57)

( )

0.52 (0.48-0.56

0.53 (0.48-0.58)
0.49 (0.45-0.54)
0.52 (0.46-0.58)
0.55 (0.51-0.59)
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass

Baseline

Methylation

Genotypes

Selective Serotonin Reuptake
Inhibitors (SSRIs)

Oil Soluble Vitamins
Diagnostic Tests

Bulk Laxatives
Nondepolarizing Muscle Re-
laxants

Direct Factor Xa Inhibitors
Aminoglycosides
Antispasmodics

B-Complex Vitamins

Folic Acid/Folates

Protamine

Genitourinary Irrigants
Anesthetics Topical Oral
Non-Barbiturate Hypnotics

Hemostatics - Topical

0.60 (0.56-0.66)
0.58 (0.55-0.62
0.62
0.55
0.57

0.48-0.63

( )
(0.56-0.66)
( )
(0.54-0.61)

0.60 (0.54-0.66
0.45-0.61
0.52-0.61
0.41-0.57

)

0.53 )
)

)
0.56-0.67)
)

)

)

)

)

0.57
0.49
0.61
0.51 (0.43-0.59
0.46 (0.40-0.52
0.60 (0.54-0.66

(
(
(
(
(
(
(
(
0.55 (0.51-0.59
0.57 (0.51-0.65

0.57 (0.52-0.62)

0.57
0.57
0.57
0.57

0.53-0.61
0.52-0.63

( )
( )
(0.49-0.66)
( )

0.53-0.61

0.57
0.57
0.56

(0.50-0.62)
(0.50-0.64)
(0.52-0.61)
0.56 (0.48-0.65)
0.56 (0.51-0.62)
0.56 (0.49-0.64)
0.56 (0.50-0.61)
0.56 (0.50-0.63)
0.56 (0.52-0.60)

( )

0.56 (0.49-0.63

0.58 (0.54-0.63)

0.59 (0.55-0.63)
0.55 (0.49-0.60)
0.44 (0.36-0.51)
0.56 (0.52-0.60)

0.56
0.44
0.57
0.44
0.60
0.46

0.49-0.62)
0.36-0.52)
0.53-0.61)
0.34-0.52)
0.54-0.65)
0.39-0.55)
0.49 (0.44-0.54)
0.58 (0.53-0.65)

)

)

(
(
(
(
(
(
(
(
0.53 (0.49-0.58
0.53 (0.46-0.59
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass

Baseline

Methylation

Genotypes

Antidotes and Specific Antag-
onists

Influenza Agents

Multiple Vitamins w/ Minerals
Antihistamines - Non-Sedating
Local Anesthetics - Topical
Multivitamins
Antimyasthenic/Cholinergic
Agents

Viral Vaccines
Aminopenicillins
Anti-inflammatory Agents -
Topical

Acne Products

Urinary Antispasmodic - An-
timuscarinics (Antich...
Sodium

Nasal Steroids

0.44 (0.38-0.49)
0.49 (0.40-0.57
0.59 (0.53-0.66
0.57 (
0.56 (0.52-0.60

(

(

0.51

)
)
0.51-0.62)
)
0.47-0.55)

)

0.55 (0.50-0.61
0.58 (0.52-0.63)
0.53 (0.48-0.58)
0.59 (0.52-0.64)

0.63 (0.54-0.74)
0.59 (0.51-0.66)

0.51 (0.45-0.57)
0.54 (0.49-0.59)

0.56 (0.50-0.61)
0.56 (0.47-0.64
0.48-0.62
0.49-0.60

0.55
0.55
0.55 (0.51-0.59

0.55

(
(
(
(
(0.51-0.59
(

)
)
)
)
)
0.55 (0.50-0.60)
0.55 (0.50-0.59)

0.55 (0.48-0.60)
0.55 (0.49-0.61)

0.55 (0.45-0.64)
0.54 (0.47-0.61)

0.53 (0.48-0.58)
0.53 (0.48-0.57)

0.61 (0.55-0.67)
0.43 (0.36-0.51
0.49-0.63
0.44-0.57

0.56
0.51
0.56 (0.52-0.61
0.47-0.55

0.48-0.59

0.51

(
(
(
(
(
0.54 (

)
)
)
)
)
)

0.56 (0.50-0.61)
0.54 (0.49-0.61)
0.57 (0.50-0.63)

0.55 (0.45-0.65)
0.57 (0.49-0.64)

0.47 (0.42-0.52)
0.50 (0.45-0.55)
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Table A.2: Mean (95% confidence interval) area under

the ROC curve for predicting medication usage, grouped

by pharmaceutical subclass, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes
Opioid Combinations 0.54 (0.51-0.58) 0.53 (0.49-0.57) 0.52 (0.49-0.56)
ACE Inhibitors 0.51 (0.47-0.56) 0.52 (0.48-0.57) 0.46 (0.42-0.50)
Anticonvulsants - Misc. 0.54 (0.50-0.58) 0.52 (0.48-0.56) 0.51 (0.46-0.56)
Cephalosporins - 2nd Genera- 0.49 (0.42-0.56) 0.52 (0.44-0.60) 0.47 (0.41-0.54)

tion
Leukotriene Modulators

Hemostatics - Systemic

Cough/Cold/Allergy  Combi-
nations

Nonsteroidal Anti-
inflammatory Agents
(NSAIDs)

Corticosteroids - Topical
Toxoid Combinations
Depolarizing Muscle Relaxants
Miscellaneous Contrast Media
Central Muscle Relaxants

Antifungals - Topical

0.54 (0.46-0.61)
0.51 (0.44-0.59)
0.57 (0.51-0.63)

0.53 (0.49-0.57)

0.52 (0.47-0.56

0.53 (0.45-0.61

0.54 (0.48-0.60

)

)

)

0.50 (0.47-0.54)
)

)

(
(
(
(
0.51 (0.46-0.55
0.53 (0.48-0.59

0.52 (0.43-0.61)
0.51 (0.43-0.59)
0.51 (0.44-0.57)

0.51 (0.47-0.55)

0.50 (0.45-0.55)
0.49 (0.43-0.56)
0.43-0.55)
0.45-0.53)
0.49 (0.44-0.53)
0.46 (0.42-0.53)

0.49

(
(
0.49 (
(

0.45 (0.37-0.53)
0.43 (0.35-0.51)
0.55 (0.49-0.61)

0.52 (0.48-0.56)

0.48 (0.43-0.52)
0.41 (0.34-0.47)
0.51 (0.47-0.56)
0.53 (0.49-0.58

(
( )
0.48 (0.43-0.53)
0.53 (0.48-0.58)
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Table A.2: Mean (95% confidence interval) area under
the ROC curve for predicting medication usage, grouped
by pharmaceutical subclass, using the baseline, methyla-
tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Pharmaceutical Subclass Baseline Methylation Genotypes

Lincosamides

0.49 (0.43-0.56) 0.46 (0.40-0.53)  0.47 (0.41-0.54)

Dipeptidyl Peptidase-4 (DPP-  0.56 (0.45-0.65) 0.45 (0.36-0.53)  0.56 (0.48-0.64)

4) Inhibitors

Alternative Medicine - C’s ~ 0.49 (0.42-0.55) 0.44 (0.37-0.53) 0.50 (0.43-0.58)
Tricyclic Agents 0.58 (0.51-0.66) 0.43 (0.36-0.50) 0.50 (0.43-0.58)
Cardiac Glycosides 0.53 (0.44-0.61) 0.40 (0.32-0.48) 0.53 (0.44-0.64)

Table A.3: Mean (95% confidence interval) R? for pre-
dicting the most recent lab result using the baseline,
methylation data, and genotype data. Confidence inter-

vals determined using bootstrapping.

Lab Test Baseline Methylation Genotypes
Troponin. 0.64 (0.52-0.73) 0.62 (0.49-0.74) 0.64 (0.54-0.74)
Troponin interpre- 0.47 (0.30-0.61) 0.47 (0.30-0.63) 0.38 (0.26-0.52)
tation

Urea.nitrogen 0.02 (-0.03-0.06) 0.46 (0.41-0.51) 0.03 (-0.00-0.05)
Creatinine 0.07 (0.01-0.13) 0.46 (0.42-0.50)  0.08 (0.03-0.12)
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Table A.3: Mean (95% confidence interval) R? for pre-

dicting the most recent lab result using the baseline,

methylation data, and genotype data. Confidence inter-

vals determined using bootstrapping.

Lab Test

Baseline

Methylation

Genotypes

Absolute eos count
Hemoglobin
Neutrophil percent
auto

Pft fev_1 pre
Hematocrit

Mean corpuscular
hemoglobin

Mean corpuscular
volume

Absolute lympho-
cyte count
Absolute neut
count

Platelet count auto
Chloride

White blood cell
count

Albumin

-0.07 (-0.12-0.03)
0.12 (0.06-0.18)
0.23 (0.15-0.32)
0.13 (-0.13-0.35)
0.07 (0.01-0.12)
0.09 (0.03-0.15)
0.09 (0.01-0.15)
0.07 (-0.01-0.18)
0.07 (0.00-0.12)
0.01 (-0.03-0.06)
0.01 (-0.03-0.04)

-0.01 (-0.07-0.06)

0.07 (0.02-0.14)

0.35 (0.27-0.42)
0.30 (0.26-0.35)
0.28 (0.21-0.35)
0.26 (0.10-0.36)

0.25 (0.20-0.29)
0.22 (0.15-0.28)
0.20 (0.13-0.26)
0.18 (0.09-0.34)
0.17 (0.12-0.23)
0.17 (0.13-0.20)
0.15 (0.10-0.20)

0.14 (0.07-0.20)

0.14 (0.08-0.19)

0.00 (-0.02-0.02)
0.12 (0.07-0.17)
0.24 (0.15-0.31)
0.16 (-0.04-0.30)
0.07 (0.02-0.11)
0.09 (0.05-0.15)
0.08 (0.04-0.13)
0.09 (0.03-0.22)
0.07 (0.03-0.12)
0.02 (-0.00-0.05)
0.02 (-0.01-0.04)

0.02 (-0.02-0.05)

0.09 (0.04-0.13)

Continued on next page




Table A.3: Mean (95% confidence interval) R? for pre-

dicting the most recent lab result using the baseline,

methylation data, and genotype data. Confidence inter-

vals determined using bootstrapping.

Lab Test Baseline Methylation Genotypes
Absolute mono 0.09 (0.02-0.15) 0.13 (0.07-0.19) 0.08 (0.03-0.13)
count

Neutrophils abs
prelim.

Sodium

Hgb alc hplc
Ferritin
Total.protein
Absolute immature
gran count
Hematocrit osl
Sedimentation rate
erythrocyte
Absolute baso
count

Iron binding capac-
ity

Glucose

Qrs duration

0.05 (-0.01-0.11)

-0.00 (-0.04-0.03)
-0.04 (-0.11-0.04)
-0.13 (-0.39-0.01)
0.08 (0.01-0.14)

-0.05 (-0.24-0.04)

-0.37 (-0.99-0.06)
-0.25 (-0.70-0.06)

-0.08 (-0.22-0.01)

-0.14 (-0.26-0.03)

-0.02 (-0.07-0.02)
-0.02 (-0.10-0.05)

0.13 (0.06-0.19)

0.12 (0.08-0.16)
0.11 (0.06-0.17)
0.10 (0.03-0.15)
0.10 (0.04-0.15)

0.10 (0.03-0.15)

0.10 (-0.01-0.20)
0.08 (-0.01-0.18)

0.08 (0.04-0.13)

0.08 (0.01-0.14)

0.06 (0.03-0.09)
0.05 (0.02-0.08)

0.06 (0.01-0.09)

0.02 (-0.01-0.03)
-0.00 (-0.03-0.03)
0.00 (-0.03-0.03)
0.08 (0.03-0.12)
0.00 (-0.03-0.03)

-0.00 (-0.12-0.10)
0.04 (-0.05-0.10)

-0.01 (-0.03-0.01)

-0.00 (-0.03-0.02)

0.01 (-0.00-0.03)
0.01 (-0.02-0.03)
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Table A.3: Mean (95% confidence interval) R? for pre-

dicting the most recent lab result using the baseline,

methylation data, and genotype data. Confidence inter-

vals determined using bootstrapping.

Lab Test Baseline Methylation Genotypes
Magnesium -0.14 (-0.22-0.09) 0.05 (-0.00-0.10) 0.02 (-0.02-0.06)
Cholesterol hdl -0.00 (-0.13-0.10) 0.04 (-0.02-0.10)  0.05 (-0.01-0.11)
Anion gap -0.03 (-0.07-0.00) 0.03 (0.00-0.06) -0.01 (-0.02-0.00)
Alanine amino- -0.03 (-0.07-0.01) 0.03 (0.01-0.05) -0.00 (-0.02-0.01)
transferase

Ventricular rate
Cholesterol
Alkaline phos-
phatase
R axis
Aspartate amino-
transferase

C reactive protein

Qte
bezet.

calculation

Pft fev_1 pre per-
cent ref
Bnp

T axis

-0.06 (-0.14-0.01)
-0.03 (-0.09-0.04)
-0.01 (-0.06-0.03)

-0.01 (-0.08-0.05)
-0.03 (-0.10-0.02)

-0.31 (-0.92-0.06)
-0.06 (-0.13-0.01)

-0.34 (-0.59-0.14)

-0.16 (-0.56-0.06)
-0.08 (-0.19-0.01)

0.03 (-0.00-0.06)
0.03 (-0.03-0.08)
0.02 (-0.00-0.04)

0.02 (-0.02-0.05)
0.02 (0.00-0.03)

0.02 (-0.05-0.08)
0.02 (-0.01-0.03)

0.01 (-0.04-0.06)

0.01 (-0.07-0.09)
0.01 (-0.02-0.04)

0.01 (-0.02-0.04)
0.01 (-0.03-0.04)
0.01 (-0.01-0.02)

0.02 (-0.02-0.05)
-0.00 (-0.02-0.01)

-0.00 (-0.07-0.05)
-0.01 (-0.02-0.00)

-0.04 (-0.08-0.02)

0.03 (-0.07-0.11)
-0.00 (-0.02-0.01)
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Table A.3: Mean (95% confidence interval) R? for pre-

dicting the most recent lab result using the baseline,

methylation data, and genotype data. Confidence inter-

vals determined using bootstrapping.

Lab Test

Baseline

Methylation

Genotypes

Potassium
Cholesterol 1dl cal-
culated

Glucose poc

Inr

X saturation
Prothrombin time
P axis

Q t interval
Bilirubin total
Atrial rate
P r interval
Aptt
Triglycerides
Tsh
Calcium
Glucose whole

blood

-0.02 (-0.05-0.01)
-0.07 (-0.18-0.00)

-0.16
-0.02
-0.17
-0.04
-0.04

(-0.40-0.00)
(-0.07-0.02)
(-0.34-0.05)
(-0.10-0.01)
(-0.10-0.01)
-0.07 (-0.15-0.01)
-0.04 (-0.15-0.01)
-0.02 (-0.09-0.03)
-0.02 (-0.10-0.06)
-0.07 (-0.13-0.04
-0.16 (-0.25-0.07
-0.20 (-0.60-0.07)
(-0.08-0.01)
(_

0.42-0.04)

)
)

-0.04
-0.20

0.01 (-0.01-0.03)
0.01 (-0.03-0.05)
0.01 (-0.02-0.04)
0.01 (-0.01-0.02)
0.01 (-0.03-0.04)
0.00 (-0.02-0.02)
0.00 (-0.02-0.02)
0.00 (-0.02-0.02)
0.00 (-0.03-0.01)
-0.00 (-0.03-0.02
-0.00 (-0.04-0.03
-0.00 (-0.03-0.01
-0.00 (-0.03-0.02
-0.01 (-0.04-0.01
-0.01 (-0.03-0.00

(_

-0.02 (-0.06-0.03

0.01 (-0.01-0.02)
-0.01 (-0.04-0.01)

0.00 (-0.03-0.03)
-0.00 (-0.02-0.01)
-0.02 (-0.04-0.01)
0.00 (-0.01-0.02)
0.01 (-0.02-0.03)
0.00 (-0.01-0.02)
-0.00 (-0.02-0.00)
0.01 (-0.02-0.04)
-0.00 (-0.04-0.03)
-0.01 (-0.03-0.00)
-0.01 (-0.03-0.01)
-0.01 (-0.05-0.00)
-0.01 (-0.02-0.01)
-0.02 (-0.05-0.01)
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Table A.3: Mean (95% confidence interval) R? for pre-

dicting the most recent lab result using the baseline,

methylation data, and genotype data. Confidence inter-

vals determined using bootstrapping.

Lab Test Baseline Methylation Genotypes
Bilirubin conju- -0.52 (-1.18-0.27) -0.02 (-0.09-0.03) -0.02 (-0.16-0.06)
gated

Iron -0.13 (-0.28-0.02) -0.03 (-0.07-0.02) -0.01 (-0.04-0.01)
Urea nitrogen osl.  -0.60 (-1.75-0.07) -0.03 (-0.12-0.03) -0.02 (-0.09-0.03)
Blood lactate -0.45 (-0.82-0.21) -0.03 (-0.07-0.01) -0.03 (-0.08-0.01)
Left ventricular -2.95 (-7.20-0.84) -0.10 (-0.31-0.04) -0.04 (-0.29-0.08)
ejection fraction

Hemoglobin osl. -2.13 (-11.00-0.18) -0.10 (-0.46—-0.01) -0.08 (-0.52-0.05)
Chloride osl. -1.13 (-2.43-0.30) -0.12 (-0.36-0.01) -0.07 (-0.22-0.02)
Sodium osl. -466.23 (-4036.73-0.08) -2.12 (-17.00-0.02)  -2.40 (-17.82-0.02)
Potassium osl. -160.57 (-921.21-0.12)  -2.45 (-7.77-0.02) -2.53 (-7.72-0.02)

108



Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes
End stage renal disease 0.73 (0.69-0.77) 0.91 (0.88-0.93) 0.73 (0.69-0.78)
Renal dialysis 0.75 (0.71-0.79) 0.89 (0.86-0.92) 0.74 (0.69-0.79)
Morbid obesity 0.88 (0.82-0.93) 0.88 (0.83-0.93)  0.84 (0.75-0.91)
Cirrhosis of liver without men-  0.71 (0.65-0.77) 0.85 (0.81-0.90) 0.66 (0.60-0.73)
tion of alcohol

Hyperplasia of prostate 0.86 (0.83-0.89) 0.85 (0.81-0.88) 0.84 (0.79-0.88)
Kidney replaced by transpant  0.75 (0.69-0.80) 0.84 (0.80-0.87) 0.72 (0.67-0.78)
Neutropenia 0.64 (0.56-0.72) 0.83 (0.77-0.89) 0.59 (0.52-0.67)
Tobacco use disorder 0.58 (0.49-0.67) 0.83 (0.77-0.88) 0.53 (0.45-0.62)
Obesity 0.84 (0.80-0.88) 0.83 (0.79-0.87) 0.83 (0.78-0.86)
Poisoning by primarily sys- 0.63 (0.55-0.72) 0.83 (0.77-0.88) 0.56 (0.47-0.64)

temic agents

Disorders resulting from im-
paired renal function

Portal hypertension

Chronic renal failure [CKD]

Immunity deficiency

0.69 (0.63-0.75)

0.71 (0.63-0.78)
0.64 (0.60-0.69)
0.77 (0.73-0.82)

0.82 (0.77-0.86)

0.82 (0.76-0.87)
0.82 (0.79-0.85)
0.82 (0.77-0.87)

0.65 (0.58-0.71)

0.66 (0.57-0.74)
0.64 (0.59-0.67)
0.75 (0.70-0.81)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Noninflammatory female geni-
tal disorders
Menopausal and post-
menopausal disorders
Hypertensive chronic kidney
disease

Liver replaced by transplant
Renal failure

Decreased white blood cell
count

Antineoplastic and immuno-
suppressive drugs caus...
Cancer of prostate

Disorders involving the im-
mune mechanism

Anemia in chronic kidney dis-

ease

Erectile dysfunction [ED]

0.81 (0.77-0.85)

0.83 (0.78-0.87)

0.61 (0.57-0.66)

0.70 (0.61-0.77)

0.61 (0.58-0.65)

0.67 (0.61-0.73)

0.64 (0.54-0.73)

0.85 (0.80-0.89)
0.76 (0.71-0.80)

0.69 (0.63-0.75)

0.74 (0.69-0.79)

0.82 (0.78-0.85)

0.82 (0.77-0.85)

0.81 (0.78-0.85)

0.81 (0.75-0.86)

0.81 (0.78-0.84)

0.80 (0.75-0.86)

0.80 (0.73-0.88)

0.80 (0.72-0.86)
0.80 (0.75-0.85)

0.80 (0.74-0.84)

0.79 (0.73-0.85)

0.79 (0.74-0.83)

0.78 (0.72-0.85)

0.59 (0.56-0.64)

0.60 (0.51-0.69)

0.60 (0.57-0.64)

0.62 (0.54-0.69)

0.60 (0.50-0.70)

0.80 (0.74-0.86)
0.74 (0.69-0.79)

0.67 (0.61-0.72)

0.65 (0.56-0.73)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Family history

Anemia of chronic disease
Disorders  of  phosphorus
metabolism

Overweight, obesity and other
hyperalimentation
Osteoarthrosis NOS
Osteoarthrosis

Liver abscess and sequelae of
chronic liver dis...
Osteoarthrosis, localized, pri-
mary

Fluid overload
Secondary hyperparathy-
roidism (of renal origin)
Respiratory failure, insuffi-

ciency, arrest

Splenomegaly

0.68 (0.61-0.74)
0.70 (0.65-0.74)
0.73 (0.66-0.80)
0.81 (0.77-0.85)
0.78 (0.74-0.82)
0.78 (0.74-0.82)
0.74 (0.68-0.81)

0.76 (0.71-0.82)

0.67 (0.61-0.74)
0.69 (0.62-0.75)

0.61 (0.55-0.67)

0.66 (0.58-0.73)

0.79 (0.72-0.85)
0.79 (0.75-0.82)
0.78 (0.73-0.84)
0.78 (0.73-0.82)
0.77 (0.73-0.81)
0.77 (0.72-0.81)
0.77 (0.70-0.84)

0.76 (0.70-0.81)

0.76 (0.71-0.80)
0.76 (0.71-0.81)

0.75 (0.69-0.82)

0.75 (0.69-0.81)

0.62 (0.52-0.72)
0.69 (0.65-0.73)
0.68 (0.59-0.76)
0.81 (0.76-0.85)
0.76 (0.70-0.80)
0.77 (0.73-0.81)
0.66 (0.57-0.75)

0.74 (0.67-0.80)

0.64 (0.56-0.72)
0.66 (0.59-0.72)

0.55 (0.47-0.63)

0.70 (0.63-0.77)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Ascites (non malignant)
Osteoarthritis; localized
Poisoning by hormones and
synthetic substitutes
Hypertensive heart and/or re-
nal disease

Altered mental status
Atherosclerosis

Nephritis and nephropathy in
diseases classifie...
Thrombocytopenia
Arthropathy NOS
Degenerative skin conditions
and other dermatoses
Cataract

Other and unspecified coagula-
tion defects

Effects radiation NOS

0.74 (0.67-0.80)
0.77 (0.71-0.83)
0.62 (0.53-0.70)

0.55 (0.50-0.60)
0.64 (0.56-0.72)
0.48 (0.41-0.55)
0.70 (0.62-0.76)
0.65 (0.59-0.71)
0.73 (0.66-0.80)

0.72 (0.66-0.76)

0.73 (0.68-0.77)
0.53 (0.45-0.61)

0.64 (0.55-0.72)

0.75 (0.67-0.80)
0.75 (0.69-0.80)
0.74 (0.66-0.81)

0.74 (0.70-0.78)
0.74 (0.67-0.82)
0.73 (0.68-0.79)
0.73 (0.66-0.79)
0.73 (0.67-0.79)
0.72 (0.65-0.77)

0.72 (0.67-0.76)

0.71 (0.67-0.75)
0.71 (0.62-0.79)

0.71 (0.63-0.79)

0.63 (0.54-0.71)
0.77 (0.71-0.82)
0.57 (0.49-0.65)

0.56 (0.51-0.61)
0.59 (0.50-0.68)
0.51 (0.44-0.58)
0.68 (0.61-0.75)
0.63 (0.57-0.69)
0.70 (0.64-0.76)

0.71 (0.66-0.75)

0.72 (0.67-0.76)
0.50 (0.43-0.58)

0.57 (0.48-0.66)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Other disorders of the kidney
and ureters

Emphysema

Spinal stenosis of lumbar re-
gion

Diverticulosis

Acid-base balance disorder
Complications of transplants
and reattached limbs
Postinflammatory pulmonary
fibrosis

Purpura and other hemor-

rhagic conditions

0.55 (0.50-0.60)

0.50 (0.43-0.58)
0.68 (0.61-0.75)

0.74 (0.65-0.82)
0.67 (0.62-0.73)
0.68 (0.60-0.75)

0.69 (0.62-0.76)

0.62 (0.55-0.69)

0.71 (0.67-0.75)

0.71 (0.63-0.79)

0.71 (0.65-0.77)
0.71 (0.63-0.80)
0.71 (0.65-0.76)

0.71 (0.63-0.78)

0.71 (0.60-0.78)

0.71 (0.65-0.76)

0.52 (0.47-0.57)

0.46 (0.38-0.53)
0.57 (0.48-0.66)

0.66 (0.57-0.74)
0.67 (0.61-0.72)
0.62 (0.52-0.72)

0.59 (0.51-0.67)

0.57 (0.50-0.64)

Hyperlipidemia 0.71 (0.67-0.74)  0.70 (0.67-0.74)  0.70 (0.67-0.74)
Coagulation defects 0.71 (0.65-0.77)  0.70 (0.64-0.78) 0.67 (0.60-0.74)
Acute renal failure 0.63 (0.59-0.67) 0.70 (0.66-0.74) 0.61 (0.57-0.66)
Ischemic Heart Disease 0.69 (0.65-0.72) 0.70 (0.67-0.73) 0.68 (0.64-0.72)
Hyperpotassemia 0.68 (0.63-0.72) 0.70 (0.65-0.75) 0.66 (0.61-0.71)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Other non-epithelial cancer of
skin

Osteoporosis

Diverticulosis and diverticuli-
tis

Actinic keratosis

Iron deficiency anemia sec-
ondary to blood loss ...

Type 2 diabetes

Secondary diabetes mellitus
Abnormal involuntary move-
ments

Essential hypertension
Pneumonia

Viral infection

Respiratory failure

Cardiac pacemaker/device in

situ

0.72 (0.67-0.78)

0.72 (0.67-0.78)
0.72 (0.66-0.78)

0.72 (0.67-0.78)
0.55 (0.47-0.63)

0.67 (0.63-0.71)
0.64 (0.55-0.71)
0.40 (0.31-0.49)
0.67 (0.62-0.70)
0.65 (0.59-0.70)
0.70 (0.63-0.76)
0.67 (0.61-0.74)

( )

0.40 (0.32-0.48

0.70 (0.64-0.76)

0.70 (0.63-0.76)
0.69 (0.63-0.76)

0.69 (0.64-0.75)
0.69 (0.62-0.77)

0.69 (0.64-0.73)

0.69 (0.62-0.76)

0.69 (0.61-0.77)

0.69 (0.64-0.72)
0.69 (0.63-0.74)
0.68 (0.61-0.76)
0.68 (0.61-0.75)

( )

0.68 (0.61-0.75

0.68 (0.63-0.73)

0.66 (0.58-0.73)
0.68 (0.60-0.75)

0.72 (0.67-0.76)
0.47 (0.40-0.55)

0.66 (0.62-0.70)
0.64 (0.53-0.72)
0.56 (0.46-0.67)
0.67 (0.63-0.71)
0.64 (0.59-0.70)
0.67 (0.58-0.75)
0.57 (0.50-0.65)

( )

0.61 (0.53-0.69
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes

Other arthropathies 0.72 (0.66-0.78)  0.68 (0.59-0.77) 0.69 (0.61-0.76)
Other immunological findings  0.68 (0.60-0.76) 0.68 (0.60-0.76) 0.62 (0.52-0.71)
Coronary atherosclerosis 0.68 (0.65-0.72) 0.68 (0.65-0.72) 0.67 (0.64-0.71)
Sepsis 0.64 (0.59-0.70) 0.68 (0.62-0.73)  0.61 (0.54-0.66)
Acidosis 0.66 (0.61-0.72) 0.68 (0.63-0.73)  0.66 (0.61-0.73)
Skin cancer 0.73 (0.68-0.77)  0.68 (0.61-0.75)  0.70 (0.63-0.77)
Other venous embolism and 0.59 (0.54-0.65) 0.68 (0.63-0.74) 0.57 (0.50-0.63)

thrombosis

Sensorineural hearing loss
Substance addiction and disor-
ders
Nephritis; nephrosis; renal
sclerosis

Protein-calorie malnutrition
Type 2 diabetes with renal
manifestations

Osteoporosis NOS

Enthesopathy

0.67 (0.59-0.75)
0.58 (0.49-0.66)

0.54 (0.47-0.61)

0.66 (0.58-0.72)
0.64 (0.57-0.69)

0.71 (0.64-0.78)
0.67 (0.60-0.73)

0.68 (0.60-0.75)
0.68 (0.59-0.77)

0.68 (0.63-0.73)

0.68 (0.60-0.75)
0.68 (0.61-0.74)

0.68 (0.59-0.76)
0.68 (0.59-0.75)

0.62 (0.53-0.71)
0.43 (0.35-0.51)

0.58 (0.52-0.64)

0.61 (0.54-0.68)
0.67 (0.61-0.71)

0.64 (0.56-0.72)
0.60 (0.53-0.69)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Disorders of fluid, electrolyte,
and acid-base ...

Hypertension

Diabetes mellitus

Myocardial infarction
Hemorrhage of gastrointestinal
tract

Acute pain

Seborrheic keratosis
Septicemia

Disorders of lipoid metabolism
Carditis

Sleep apnea

Other anemias

Other forms of chronic heart
disease

Disorders of diaphragm

Renal failure NOS

0.60 (0.56-0.65)

0.64 (0.60-0.68)
0.65 (0.61-0.70)
0.64 (0.59-0.70)
0.65 (0.56-0.74)

0.57
0.70
0.61
0.68
0.59
0.66
0.61

0.51-0.63)
0.64-0.75)
0.55-0.67)
0.64-0.71)
0.50-0.66)
0.60-0.71)
0.57-0.65)

)

0.53

(
(
(
(
(
(
(
(0.45-0.61

0.70 (0.63-0.76)
0.60 (0.52-0.68)

0.67 (0.63-0.72)

0.67 (0.64-0.71)
0.67 (0.62-0.72)
0.67 (0.63-0.73)
0.67 (0.60-0.75)

0.67 (0.62-0.73)
0.67 (0.60-0.74)
0.67 (0.62-0.72)
0.67 (0.63-0.71)
0.67 (0.60-0.74)
0.67 (0.60-0.73)
0.67 (0.63-0.71)
0.67 (0.58-0.75)

0.67 (0.59-0.74)
0.67 (0.59-0.74)

0.58 (0.54-0.63)

0.64 (0.59-0.68

0.58

(

0.65 (0.60-0.69
(0.51-0.64
(

)
)
)
0.61 (0.53-0.69)
0.60 (0.55-0.66
0.62-0.74
0.55-0.67
0.64-0.71

)

0.68 )
)

)
0.36-0.53)
)

)

)

0.60
0.68
0.45
0.67 (0.61-0.73
0.61 (0.57-0.65

0.50

(
(
(
(
(
(
(
(0.43-0.58

0.67 (0.59-0.76)
0.58 (0.51-0.67)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Disorders of vitreous body
Chronic liver disease and cir-
rhosis

Aortic valve disease
Hyposmolality and /or hypona-
tremia

Angina pectoris

Chronic Kidney Disease, Stage
v

Disorders of cal-
cium/phosphorus metabolism
Other disorders of metabolism
Cardiac shunt/ heart septal
defect

Nonrheumatic aortic valve dis-
orders

Acute posthemorrhagic ane-

mia

0.72 (0.66-0.79)
0.62 (0.55-0.70)

0.68 (0.63-0.72)
0.63 (0.58-0.68)

0.66 (0.60-0.72)
0.57 (0.50-0.64)

0.63 (0.57-0.70)

0.58 (0.49-0.67)
0.61 (0.53-0.68)

0.68 (0.63-0.73)

0.67 (0.62-0.72)

0.67 (0.60-0.73)
0.67 (0.60-0.73)

0.67 (0.61-0.72)
0.66 (0.62-0.71)

0.66 (0.60-0.72)
0.66 (0.59-0.72)

0.66 (0.59-0.74)

0.66 (0.58-0.74)

0.66 (0.57-0.73)

0.66 (0.61-0.72)

0.66 (0.59-0.72)

0.70 (0.63-0.76)
0.61 (0.54-0.67)

0.65 (0.60-0.69)
0.59 (0.54-0.65)

0.60 (0.54-0.66)
0.54 (0.46-0.60)

0.61 (0.54-0.68)

0.55 (0.46-0.63)
0.50 (0.39-0.62)

0.66 (0.61-0.71)

0.65 (0.60-0.71)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes
Fever of unknown origin 0.62 (0.56-0.69) 0.66 (0.60-0.72)  0.62 (0.55-0.68)
Sepsis and SIRS 0.63 (0.58-0.68) 0.66 (0.60-0.71)  0.61 (0.55-0.67)
Articular cartilage disorder 0.65 (0.58-0.71) 0.66 (0.57-0.72) 0.67 (0.61-0.73)
Cardiomegaly 0.52 (0.47-0.57) 0.66 (0.61-0.70) 0.47 (0.43-0.52)
Pain in joint 0.63 (0.59-0.67) 0.66 (0.62-0.69) 0.61 (0.57-0.66)
Bacteremia 0.60 (0.51-0.69) 0.65 (0.57-0.73)  0.59 (0.50-0.68)
Polyneuropathy in diabetes 0.61 (0.53-0.70) 0.65 (0.57-0.73) 0.56 (0.46-0.65)
Deep vein thrombosis [DVT]  0.66 (0.59-0.73) 0.65 (0.57-0.72) 0.63 (0.54-0.71)
Iron deficiency anemias, un- 0.68 (0.62-0.73) 0.65 (0.58-0.70) 0.66 (0.60-0.72)
specified or not due...

Tachycardia NOS 0.65 (0.58-0.72) 0.65 (0.58-0.71)  0.62 (0.54-0.70)
Chronic sinusitis 0.38 (0.32-0.45) 0.65 (0.59-0.72) 0.62 (0.55-0.68)
Chronic airway obstruction 0.57 (0.51-0.62) 0.65 (0.59-0.71) 0.50 (0.44-0.57)
Nausea and vomiting 0.54 (0.49-0.60) 0.65 (0.60-0.70) 0.51 (0.46-0.57)
Senile cataract 0.66 (0.62-0.72) 0.65 (0.60-0.71)  0.64 (0.58-0.70)
Inflammation of the eye 0.64 (0.56-0.71) 0.65 (0.56-0.73)  0.55 (0.45-0.64)
Bacterial infection NOS 0.61 (0.55-0.66) 0.65 (0.59-0.70)  0.59 (0.53-0.64)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Osteoporosis, osteopenia and
pathological fracture
Electrolyte imbalance
Congenital anomalies of great
vessels
Primary/intrinsic ~ cardiomy-
opathies

Intestinal infection

Chronic Kidney Disease, Stage
I11

Heart valve disorders
Atherosclerosis of aorta
Hypercholesterolemia
Infection/inflammation of in-
ternal prosthetic d...
Congestive heart failure; non-
hypertensive

Voice disturbance

0.62 (0.57-0.68)

0.62 (0.58-0.67)
0.66 (0.61-0.72)

0.55 (0.49-0.62)

0.68 (0.60-0.76)
0.59 (0.53-0.63)

0.64
0.66
0.64

0.60-0.68)
0.61-0.71)
0.60-0.70)

)

(
(
(
(0.48-0.66

0.58

0.57 (0.51-0.63)

0.53 (0.44-0.62)

0.65 (0.60-0.69)

0.65 (0.60-0.69)
0.65 (0.59-0.70)

0.65 (0.58-0.70)

0.64 (0.55-0.74)

0.64 (0.59-0.70)

0.64
0.64
0.64
0.64

0.60-0.69
0.58-0.70
0.60-0.69

(
(
(
(0.55-0.73

)
)
)
)

0.64 (0.59-0.70)

0.64 (0.55-0.73)

0.58 (0.53-0.64)

0.62 (0.57-0.66)
0.65 (0.58-0.70)

0.53 (0.47-0.59)

0.60 (0.52-0.70)
0.52 (0.46-0.58)

0.61
0.61
0.61

0.57-0.66
0.56-0.66
0.56-0.66

(
(
(
(0.52-0.67

)
)
)
0.59 )

0.53 (0.46-0.59)

0.39 (0.32-0.46)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes
Abnormality of gait 0.70 (0.62-0.78) 0.64 (0.57-0.71)  0.63 (0.53-0.72)
Obstructive sleep apnea 0.65 (0.58-0.71) 0.64 (0.58-0.71) 0.67 (0.60-0.72)
Shortness of breath 0.63 (0.58-0.68) 0.64 (0.59-0.68)  0.61 (0.56-0.66)
Alcoholism 0.64 (0.53-0.76) 0.64 (0.54-0.74)  0.63 (0.53-0.74)
Nephritis and nephropathy 0.55 (0.48-0.64) 0.64 (0.57-0.71) 0.58 (0.52-0.64)

without mention of gl...

Type 2 diabetes with neurolog-
ical manifestations

Other disorders of intestine
Cerebrovascular disease
Congestive  heart  failure
(CHF) NOS

Other disorders of eye
Frequency of wurination and
polyuria
Disorders of mineral

metabolism

Atrial fibrillation

0.66 (0.59-0.75)
0.58 (0.48-0.65)
0.58 (0.53-0.64)

0.59 (0.52-0.66)

0.69 (0.64-0.75)
0.61 (0.54-0.68)

0.63 (0.58-0.68)

0.66 (0.62-0.71)

0.64 (0.56-0.72)
0.64 (0.55-0.72)
0.64 (0.58-0.69)

0.63 (0.56-0.70)

0.63 (0.57-0.70)
0.63 (0.58-0.69)

0.63 (0.57-0.69)

0.63 (0.58-0.68)

0.62 (0.52-0.70)
0.54 (0.44-0.64)
0.53 (0.47-0.58)

0.53 (0.48-0.60)

0.68 (0.61-0.75)
0.55 (0.48-0.62)

0.62 (0.57-0.68)

0.64 (0.58-0.70)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Chronic pulmonary heart dis-
ease
Other chronic nonalcoholic
liver disease
Peripheral vascular disease,
unspecified

Cystitis and urethritis
Candidiasis

Other local infections of skin
and subcutaneous...

Heart valve replaced

Urinary tract infection
Degeneration of intervertebral
disc

Hypotension

Atrial fibrillation and flutter

Benign neoplasm of colon

0.55 (0.49-0.62)

0.61 (0.55-0.67)

0.56 (0.50-0.62)

0.63 (0.57-0.68)
0.66 (0.58-0.73)
0.60 (0.50-0.69)

0.55 (0.49-0.62)
0.64 (0.59-0.68)
0.63 (0.56-0.70)

0.60 (0.53-0.67)
0.65 (0.60-0.69)
0.61 (0.55-0.65)

0.63 (0.57-0.69)

0.63 (0.57-0.68)

0.63 (0.57-0.70)

0.63 (0.54-0.70)
0.63 (0.55-0.69)
0.63 (0.55-0.69)

0.62 (0.55-0.69)
0.62 (0.57-0.67)
0.62 (0.55-0.69)

0.62 (0.57-0.67)
0.62 (0.57-0.67)
0.62 (0.56-0.68)

0.57 (0.52-0.64)

0.59 (0.53-0.65)

0.53 (0.46-0.60)

0.55 (0.46-0.61)
0.60 (0.53-0.67)
0.57 (0.48-0.66)

0.47 (0.41-0.54)
0.62 (0.57-0.66)
0.57 (0.50-0.64)

0.55 (0.49-0.62)
0.63 (0.58-0.68)
0.60 (0.54-0.66)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Pulmonary collapse; intersti-
tial and compensato...
Disorder of skin and subcuta-
neous tissue NOS

Osteopenia or other disorder of
bone and cartilage

Bacterial pneumonia

Urinary incontinence

Other diseases of lung
Lymphadenitis

Abnormal movement
Symptoms concerning nutri-
tion, metabolism, and ...
Insulin pump user

Mixed hyperlipidemia

Other chronic ischemic heart
disease, unspecified

Hypothyroidism

0.59 (0.53-0.65)
0.59 (0.53-0.65)
0.62 (0.56-0.67)
0.65 (0.57-0.74
0.59-0.73

)
)
0.50-0.60)
)
)
)

(
0.66
(

0.56 (0.49-0.62
(
(

0.55

0.64 (0.57-0.70
0.63 (0.58-0.70

0.61 (0.54-0.68)
0.64 (0.58-0.70)

0.68 (0.60-0.75)

0.57 (0.49-0.63)

0.62 (0.55-0.69)
0.62 (0.55-0.67)
0.62 (0.57-0.68)
0.62 (0.55-0.70)
0.62 (0.53-0.69)
0.62 (0.57-0.67)
0.62 (0.53-0.69)
0.61 (0.55-0.69)
0.61 (0.54-0.68)

0.61 (0.56-0.68)
0.61 (0.55-0.67)

0.61 (0.53-0.69)

0.61 (0.55-0.67)

0.56 (0.48-0.63)
0.55 (0.50-0.62)
0.60 (0.55-0.65)
0.66 (0.56-0.75)
0.63 (0.56-0.70)
0.51 (0.46-0.57)
0.49 (0.43-0.56)

( )

( )

0.61 (0.54-0.69
0.60 (0.54-0.66

0.59 (0.54-0.66)
0.61 (0.55-0.66)

0.63 (0.57-0.72)

0.53 (0.46-0.60)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Iron deficiency anemias

Other disorders of synovium,
tendon, and bursa

Abnormal findings examina-
tion of lungs

Heart failure NOS

Cystitis

Shock

Edema

Cerebral ischemia

Other aneurysm

Other hypertensive complica-
tions

Pain

Proteinuria

Other diseases of blood and
blood-forming organs

Hypertensive heart disease

0.64 (0.59-0.70)
0.63 (0.55-0.71)
0.50 (0.45-0.54)
0.57 (0.52-0.61)
0.60 (0.52-0.67)
0.61 (0.54-0.68)
0.55 (0.50-0.62)
0.46 (0.38-0.55)
0.61 (0.53-0.69)
0.61 (0.54-0.67)

0.58 (0.53-0.63)
0.53 (0.44-0.61)

0.58 (0.47-0.68)

0.53 (0.47-0.60)

0.61 (0.55-0.67)
0.61 (0.54-0.68)
0.61 (0.56-0.67)
0.61 (0.56-0.66)
0.61 (0.53-0.68)
0.61 (0.52-0.70)
0.61 (0.55-0.66)
0.61 (0.52-0.67)
0.61 (0.53-0.68)
0.61 (0.54-0.67)

0.60 (0.57-0.65)
0.60 (0.54-0.67)

0.60 (0.51-0.70)

0.60 (0.52-0.67)

0.63 (0.57-0.70)
0.67 (0.60-0.73)

0.44 (0.39-0.50)

0.50 (0.45-0.55)
0.51 (0.43-0.61)
0.45 (0.37-0.55)
0.55 (0.50-0.60)
0.52 (0.44-0.59)
0.57 (0.50-0.64)
0.60 (0.53-0.66)
0.57 (0.51-0.61)
0.54 (0.47-0.61)
0.46 (0.35-0.58)

0.67 (0.59-0.73)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes

Varicose veins 0.49 (0.39-0.58) 0.60 (0.51-0.70) 0.42 (0.34-0.51)
Circulatory disease NEC 0.44 (0.38-0.50) 0.60 (0.53-0.66) 0.56 (0.51-0.63)
Pleurisy; pleural effusion 0.61 (0.56-0.65) 0.60 (0.55-0.64) 0.58 (0.54-0.63)
Rheumatic disease of the heart 0.44 (0.37-0.52) 0.60 (0.54-0.67) 0.52 (0.43-0.60)

valves

Other disorders of liver

Other ill-defined and unknown
causes of morbidi...
Pulmonary heart disease
Alcohol-related disorders
Spinal stenosis

Dizziness and giddiness (Light-
headedness and v...

Other alveolar and pari-
etoalveolar pneumonopathy
Nonrheumatic mitral valve dis-

orders

Migraine

0.60 (0.53-0.67)
0.68 (0.61-0.75)

0.54
0.63
0.65
0.64

0.47-0.60)
0.54-0.74)
0.58-0.72)
0.58-0.69)

(
(
(
(
0.56 (0.47-0.65)

0.56 (0.50-0.62)

0.55 (0.47-0.64)

0.60 (0.54-0.67)
0.60 (0.52-0.69)

0.60
0.60
0.60
0.60

0.53-0.65)
0.49-0.69)
0.52-0.67)
0.54-0.66)

(
(
(
(
0.60 (0.49-0.71)

0.60 (0.53-0.66)

0.59 (0.51-0.68)

0.56 (0.50-0.62)
0.65 (0.57-0.72)

0.55
0.56
0.53
0.62

0.48-0.61
0.45-0.68
0.44-0.61

(
(
(
(0.55-0.67

)
)
)
)
0.49 (0.40-0.60)

0.53 (0.47-0.60)

0.41 (0.33-0.50)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Hemorrhoids

Spondylosis without myelopa-
thy

Other tests

Other infectious and parasitic
diseases

Diseases of the larynx and vo-
cal cords

Hypovolemia

Aortic aneurysm

Nevus, non-neoplastic
Peripheral enthesopathies and
allied syndromes

Neoplasm of uncertain behav-
ior

GERD

Other peripheral nerve disor-

ders

0.59 (0.52-0.64)
0.60 (0.54-0.66)

0.56 (0.48-0.62)
0.46 (0.37-0.54)

0.52 (0.45-0.60)

0.56
0.63
0.58
0.60

0.46-0.65
0.56-0.71
0.50-0.67

(
(
(
(0.53-0.67

)
)
)
)
0.56 (0.48-0.64)

0.57 (0.53-0.61)
0.58 (0.51-0.65)

0.59 (0.51-0.66)
0.59 (0.53-0.65)

0.59 (0.53-0.67)
0.59 (0.51-0.67)

0.59 (0.51-0.68)

0.59
0.59
0.59
0.59

(0.49-0.68)
(0.51-0.67)
(0.51-0.67)
(0.52-0.65)

0.59 (0.51-0.69)

0.59 (0.54-0.63)
0.59 (0.52-0.66)

0.54 (0.45-0.62)
0.53 (0.45-0.59)

0.60 (0.51-0.66)
0.50 (0.41-0.60)

0.45 (0.35-0.54)

0.51
0.60
0.47
0.60

0.43-0.60
0.54-0.68
0.41-0.55

(
(
(
(0.54-0.66

)
)
)
)
0.43 (0.34-0.51)

0.56 (0.52-0.60)
0.52 (0.45-0.61)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes

Mitral valve disease 0.55 (0.50-0.62) 0.59 (0.53-0.65)  0.54 (0.49-0.60)
Mood disorders 0.57 (0.52-0.63) 0.59 (0.53-0.63)  0.52 (0.46-0.58)
Diseases of esophagus 0.58 (0.54-0.63) 0.59 (0.54-0.63) 0.55 (0.50-0.60)
Cardiac pacemaker in situ 0.45 (0.37-0.52) 0.59 (0.50-0.66) 0.47 (0.39-0.56)
Glaucoma 0.63 (0.57-0.70) 0.58 (0.50-0.65)  0.60 (0.54-0.68)
Other symptoms/disorders or 0.60 (0.55-0.65) 0.58 (0.53-0.63) 0.58 (0.53-0.62)

the urinary system

Diseases of sebaceous glands
Inflammatory and toxic neu-
ropathy

Benign neoplasm of skin
Intervertebral disc disorders
Other symptoms of respiratory
system
Abnormal electrocardiogram
[ECG] [EKG]

Peripheral vascular disease

Abnormal glucose

0.45 (0.36-0.53)
0.49 (0.42-0.56)

0.57 (0.52-0.62)
0.61 (0.54-0.68)
0.58 (0.54-0.62)

0.49 (0.43-0.54)

0.62 (0.56-0.68)
0.52 (0.48-0.56)

0.58 (0.52-0.67)
0.58 (0.51-0.65)

0.58 (0.51-0.64)
0.58 (0.51-0.65)
0.58 (0.54-0.62)

0.58 (0.53-0.63)

0.58 (0.51-0.64)
0.58 (0.53-0.63)

0.63 (0.55-0.71)
0.47 (0.39-0.54)

0.57 (0.51-0.62)
0.59 (0.53-0.65)
0.58 (0.54-0.62)

0.46 (0.41-0.51)

0.54 (0.47-0.62)
0.40 (0.36-0.45)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Other disorders of bladder
Dysuria

Spondylosis and allied disor-
ders

Cardiomyopathy

Abdominal pain

Blood in stool

Diaphragmatic hernia
Abnormal heart sounds

Back pain

Other retinal disorders
Chronic pain

Depression

Abnormal findings on exam of
gastrointestinal t...

Other dyspnea

Heart failure with reduced EF

[Systolic or comb...

0.66 (0.58-0.73)
0.54 (0.47-0.62)
0.57 (0.51-0.62)

0.52
0.57

(0.46-0.58)
(0.53-0.62)
0.55 (0.46-0.66)
0.56 (0.50-0.62)
0.58 (0.51-0.66)
0.56 (0.50-0.61)
0.63 (0.53-0.72)
0.58 (0.53-0.63)
0.55 (0.49-0.61)
0.57 (0.50-0.64)
0.58 (0.53-0.64)

0.59 (0.52-0.65)

0.58 (0.51-0.66)
0.58 (0.51-0.65)
0.57 (0.51-0.63)

0.57
0.57
0.57
0.57
0.57

(0.51-0.63)
( )
( )
( )
( )
0.57 (0.52-0.62)
( )
( )
( )
( )

0.53-0.62
0.48-0.67
0.50-0.64
0.52-0.63

0.57 (0.47-0.66
0.57 (0.52-0.62
0.57 (0.50-0.63
0.57 (0.47-0.65

0.57 (0.51-0.61)
0.57 (0.48-0.65)

0.59 (0.51-0.67)
0.47 (0.38-0.55)
0.53 (0.46-0.60)
0.51 (0.45-0.58
0.56
0.49

( )
(0.52-0.60)
(0.40-0.58)
0.50 (0.41-0.57)
0.55 (0.48-0.61)
0.55 (0.49-0.59)
0.58 (0.50-0.67)
0.56 (0.50-0.61)
0.56 (0.51-0.63)
0.50 (0.43-0.58)
0.58 (0.53-0.64)

0.51 (0.44-0.58)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes
Hearing loss 0.61 (0.55-0.67) 0.57 (0.51-0.62) 0.55 (0.48-0.62)
Cough 0.58 (0.54-0.63) 0.57 (0.52-0.61) 0.56 (0.51-0.60)
Cardiac dysrhythmias 0.58 (0.54-0.63) 0.57 (0.52-0.61) 0.56 (0.51-0.60)
Sleep disorders 0.57 (0.51-0.62) 0.56 (0.52-0.62) 0.53 (0.47-0.59)
Other biliary tract disease 0.60 (0.51-0.69) 0.56 (0.46-0.65) 0.46 (0.38-0.53)
Esophagitis, GERD and re- 0.58 (0.54-0.63) 0.56 (0.51-0.61) 0.54 (0.50-0.59)

lated diseases

Pulmonary congestion and hy-
postasis

Other abnormal blood chem-
istry

Palpitations

Thoracic or lumbosacral neuri-
tis or radiculitis...
Hypothyroidism NOS
Abnormal results of function
study of liver

Cardiac conduction disorders

0.61 (0.53-0.72)

0.55 (0.50-0.61)

0.57 (0.50-0.65)
0.55 (0.47-0.62)

0.59 (0.53-0.64)
0.58 (0.49-0.68)

0.52 (0.48-0.57)

0.56 (0.46-0.65)

0.56 (0.50-0.61)

0.56 (0.48-0.63)
0.56 (0.47-0.64)

0.56 (0.50-0.61)
0.56 (0.44-0.66)

0.56 (0.51-0.61)

0.56 (0.49-0.65)

0.53 (0.47-0.58)

0.51 (0.43-0.57)
0.53 (0.46-0.60)

0.58 (0.53-0.63)
0.47 (0.38-0.57)

0.46 (0.41-0.51)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Neoplasm of uncertain behav-
ior of skin

Dermatophytosis / Dermato-
mycosis

Other disorders of circulatory
system

Allergic rhinitis

Diseases of white blood cells
Secondary  malignant neo-
plasm

Dermatophytosis of nail
Cancer, suspected or other
Other abnormal glucose
Erythematous conditions
Major depressive disorder

and

[ll-defined  descriptions

complications of h...

0.58 (0.52-0.65)
0.53 (0.45-0.59)
0.45 (0.38-0.52)
0.55 (0.47-0.63)
0.49 (0.41-0.57)
0.55 (0.49-0.62)
0.60

0.57
0.54

0.49-0.72)
0.51-0.63)
0.49-0.59)
0.54 (0.45-0.63)
0.56 (0.48-0.63)

)

0.53

(
(
(
(
(
(0.46-0.59

0.56 (0.49-0.62)

0.56 (0.49-0.62)

0.56 (0.50-0.61)

0.55 (0.48-0.64)
0.55 (0.48-0.63)
0.55 (0.45-0.64)

0.55
0.55
0.55
0.55

0.46-0.64
0.48-0.61
0.51-0.60
0.45-0.64
0.55 (0.47-0.64

0.55

(
(
(
(
(
(0.48-0.62

)
)
)
)
)
)

0.53 (0.47-0.60)

0.48 (0.41-0.54)

0.60 (0.55-0.67)

0.52 (0.45-0.59)
0.41 (0.35-0.48)
0.58 (0.50-0.66)

0.59 (0.49-0.69)
0.60 (0.53-0.67)
0.48 (0.44-0.53)
0.46 (0.35-0.56)
0.46 (0.37-0.54)
0.41 (0.34-0.49)

Continued on next page

129



Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Heart failure with preserved
EF [Diastolic hear...

Transient cerebral ischemia
Occlusion and stenosis of pre-
cerebral arteries

Retention of urine

Disorders of protein
plasma/amino-acid trans-
por...

Hypopotassemia

Asthma

Malaise and fatigue

Anxiety disorder

Other specified cardiac dys-
rhythmias

Dysphagia

Cardiac and circulatory con-

genital anomalies

0.62 (0.56-0.69)

0.45 (0.36-0.54)
0.67 (0.61-0.75)

0.61 (0.53-0.68)
0.66 (0.57-0.75)

0.57 (0.49-0.65)
0.58 (0.52-0.66)
0.58 (0.53-0.63)
0.54 (0.50-0.58)
0.59 (0.53-0.63)
0.54 (0.46-0.61)
0.49 (0.40-0.56)

0.55 (0.47-0.64)

0.55 (0.47-0.63)
0.55 (0.46-0.65)

0.55 (0.48-0.62)
0.55 (0.45-0.63)

0.55 (0.48-0.63)
0.55 (0.47-0.62)
0.55 (0.50-0.59)
0.54 (0.49-0.60)
0.54 (0.49-0.60)

0.54 (0.47-0.62)
0.54 (0.46-0.62)

0.53 (0.45-0.63)

0.61 (0.53-0.69)
0.58 (0.49-0.68)

0.55 (0.46-0.63)
0.60 (0.51-0.69)

0.57 (0.50-0.64)
0.51 (0.44-0.57)
0.56 (0.51-0.61)
0.52 (0.45-0.57)
0.56 (0.51-0.62)
0.50 (0.43-0.56)

0.49 (0.42-0.57)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Contusion

Myalgia and myositis unspeci-
fied

Neurological disorders
Solitary pulmonary nodule
Cyst of kidney, acquired
Hypercalcemia

Pericarditis

Chronic ulcer of skin
Superficial cellulitis and ab-
scess

Chronic kidney disease, Stage
Torll

Hypotension NOS
Nonrheumatic tricuspid valve
disorders

Open wounds of head; neck;

and trunk

0.46 (0.38-0.56)
0.56 (0.50-0.63)

0.53
0.48

(0.46-0.60)
(0.42-0.55)
0.55 (0.49-0.62)
0.61 (0.53-0.69)
0.49 (0.41-0.58)
0.47 (0.38-0.54)
0.57 (0.51-0.63)

0.52 (0.45-0.60)

0.55 (0.50-0.62)
0.53 (0.44-0.63)

0.48 (0.40-0.57)

0.54 (0.46-0.63)
0.54 (0.48-0.61)
0.54 (0.47-0.61)
0.54 (0.45-0.62)
0.54 (0.46-0.62)
0.54 (0.44-0.63)
0.54 (0.46-0.61)

(0.45-0.62)

(0.47-0.61)

0.53
0.53

0.53 (0.45-0.61)

0.53 (0.48-0.60)
0.53 (0.45-0.62)

0.53 (0.44-0.63)

0.44 (0.35-0.51)
0.48 (0.42-0.55)

0.53 (0.46-0.59)
0.44 (0.36-0.53)
0.48 (0.40-0.55)
0.52 (0.43-0.60)
0.49 (0.41-0.58)
0.53 (0.45-0.61)
0.58 (0.51-0.65)

0.45 (0.38-0.52)

0.46 (0.40-0.52)
0.47 (0.39-0.56)

0.42 (0.32-0.50)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype Baseline Methylation Genotypes
Gastrointestinal hemorrhage  0.56 (0.49-0.64) 0.53 (0.46-0.61) 0.53 (0.45-0.60)
Vitamin deficiency 0.57 (0.51-0.62) 0.53 (0.48-0.58) 0.49 (0.44-0.54)
Other disorders of biliary tract 0.58 (0.51-0.65) 0.53 (0.43-0.62) 0.46 (0.38-0.56)
Gout 0.51 (0.42-0.59) 0.53 (0.43-0.64)  0.54 (0.44-0.62)
Secondary  malignancy  of 0.56 (0.48-0.65) 0.53 (0.43-0.62) 0.55 (0.46-0.62)

lymph nodes

Other upper respiratory dis-
ease

Insomnia

Hematuria

Malignant neoplasm, other
Vitamin D deficiency

Anxiety disorders

Symptoms involving respira-
tory system and other...
Paroxysmal ventricular tachy-

cardia

0.46 (0.39-0.55)

0.55
0.52
0.52
0.55
0.57

(0.49-0.61)
(0.44-0.59)
(0.45-0.59)
(0.50-0.61)
(0.52-0.62)
( )

0.58 (0.48-0.66

0.52 (0.45-0.59)

0.53 (0.47-0.60)

0.53
0.53
0.53
0.52
0.52
0.52

(0.46-0.59)
(0.47-0.59)
(0.46-0.61)
(0.48-0.57)
(0.47-0.58)
(0.44-0.60)

0.52 (0.44-0.62)

0.51 (0.44-0.58)

0.51
0.45
0.47
0.48
0.54

0.45-0.57
0.39-0.52
0.39-0.54
0.42-0.53

(
(
(
(
(0.49-0.59
(

)
)
)
)
)
)

0.62 (0.54-0.71

0.45 (0.37-0.55)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Other symptoms involving ab-
domen and pelvis
Elevated white blood cell
count

Disease of tricuspid valve
Paroxysmal tachycardia, un-
specified

Abdominal hernia

Rash and other nonspecific
skin eruption

Nonspecific chest pain
Noninfectious gastroenteritis
Acute upper respiratory infec-
tions of multiple ...

Abnormal serum enzyme levels
Visual disturbances

Generalized anxiety disorder

Hepatomegaly

0.55 (0.46-0.63)
0.48 (0.40-0.55)

0.45 (0.36-0.56)
0.45 (0.38-0.53)

0.55 (0.50-0.60)
0.55 (0.49-0.61)

0.50 (0.45-0.54)
0.48 (0.38-0.57)
0.53 (0.47-0.58)
0.49 (0.43-0.57)
0.52 (0.45-0.61)
0.48-0.62)

)

0.44-0.59

(
(
0.56
(

0.52

0.52 (0.45-0.60)
0.52 (0.44-0.59)

0.52 (0.44-0.60)
0.52 (0.43-0.59)

0.51 (0.44-0.57)
0.51 (0.45-0.57)

0.51 (0.46-0.56)
0.51 (0.42-0.60)
0.51 (0.45-0.57)

0.51 (0.43-0.58

0.51

( )
0.51 (0.44-0.57)
(0.40-0.59)
( )

0.51 (0.44-0.58

0.50 (0.42-0.59)
0.39 (0.32-0.46)

0.57 (0.48-0.67)
0.47 (0.40-0.55)

0.50 (0.44-0.56)
0.51 (0.44-0.59)

0.49 (0.43-0.54)
0.46 (0.37-0.54)
0.50 (0.44-0.55)
0.46 (0.39-0.54
0.56

0.55

( )
(0.49-0.63)
(0.47-0.62)
( )

0.53 (0.45-0.59
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Other specified diseases of hair
and hair folli...

Arrhythmia (cardiac) NOS
Cancer of urinary organs (incl.
kidney and blad...

Nonspecific abnormal findings
on radiological a...
Dermatophytosis

Poisoning by antibiotics
Diseases of hair and hair folli-
cles

Functional digestive disorders
Paroxysmal supraventricular
tachycardia

Empyema and pneumothorax
Premature beats
Hemangioma and lymphan-

gioma, any site

0.42 (0.34-0.50)

0.52 (0.44-0.59)
0.53 (0.43-0.62)

0.57 (0.48-0.64)

0.53 (0.47-0.60)
0.55 (0.46-0.65)
0.43 (0.35-0.54)

0.51 (0.43-0.60)
0.48 (0.41-0.56)

0.53 (0.46-0.61)
0.52 (0.44-0.60)
0.58 (0.50-0.65)

0.51 (0.41-0.60)

0.50 (0.43-0.58)
0.50 (0.41-0.59)

0.50 (0.41-0.58)

0.50 (0.43-0.57)
0.50 (0.41-0.58)
0.50 (0.42-0.59)

0.50 (0.41-0.59)
0.50 (0.42-0.58)

0.50 (0.41-0.58)
0.50 (0.41-0.57)
0.50 (0.43-0.56)

0.60 (0.50-0.69)

0.49 (0.41-0.56)
0.45 (0.36-0.55)

0.51 (0.43-0.59)

0.52 (0.44-0.59)
0.53 (0.45-0.61)
0.39 (0.27-0.48)

0.53 (0.41-0.64)
0.54 (0.45-0.63)

0.44 (0.37-0.51)
0.52 (0.45-0.60)
0.47 (0.38-0.54)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Sciatica
Cardiac congenital anomalies
Sinoatrial node

(Bradycardia)

dysfunction

Encounter for long-term (cur-
rent) use of antico...

Acute bronchitis and bronchi-
olitis

Swelling of limb

Other disorders of arteries and
arterioles

Gout and other crystal
arthropathies

Other headache syndromes
Disorders of refraction and ac-
commodation; blin...

Atopic/contact dermatitis due

to other or unspe...

0.51 (0.41-0.60)
0.48 (0.40-0.56)
0.58 (0.48-0.67)
0.52 (0.45-0.60)

0.46 (0.37-0.56)

0.56 (0.50-0.63)
0.43 (0.36-0.51)

0.49 (0.40-0.58)

0.48 (0.43-0.53)
0.58 (0.46-0.67)

0.53 (0.48-0.59)

0.50 (0.42-0.59)
0.49 (0.42-0.57)
0.49 (0.39-0.58)
0.49 (0.41-0.57)

0.49 (0.41-0.59)

0.49 (0.42-0.56)
0.49 (0.42-0.57)

0.48 (0.40-0.58)

0.48 (0.42-0.55)
0.48 (0.40-0.58)

0.48 (0.42-0.54)

0.50 (0.41-0.59)
0.53 (0.45-0.63)
0.61 (0.51-0.70)
0.49 (0.41-0.56)

0.54 (0.45-0.64)

0.57 (0.51-0.64)
0.49 (0.42-0.57)

0.61 (0.51-0.71)

0.57 (0.50-0.63)
0.54 (0.44-0.65)

0.55 (0.49-0.61)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Valvular heart disease/ heart
chambers

Cervicalgia

Other diseases of respiratory
system, not elsew...

Impacted cerumen

Opiates and related narcotics
causing adverse e...

Other dyschromia
Disturbance of skin sensation
Diseases of pancreas

Sprains and strains

Symptoms and disorders of the
joints

Nonspecific findings on exami-
nation of blood

Pruritus and related condi-

tions

0.54 (0.46-0.63)

0.54 (0.48-0.62)
0.50 (0.42-0.56)

0.57 (0.50-0.65)
0.55 (0.46-0.65)

0.57 (0.50-0.65)
0.49 (0.41-0.58)
0.54 (0.47-0.61)
0.61 (0.54-0.68)
0.51 (0.43-0.60)

0.48 (0.43-0.55)

0.53 (0.44-0.62)

0.48 (0.40-0.56)

0.48 (0.41-0.54)
0.47 (0.39-0.56)

0.47 (0.39-0.55)
0.47 (0.37-0.56)

0.47 (0.38-0.55)
0.47 (0.38-0.55)
0.47 (0.39-0.55)
0.47 (0.39-0.54)
0.47 (0.39-0.57)

0.46 (0.38-0.54)

0.46 (0.38-0.54)

0.50 (0.41-0.60)

0.50 (0.43-0.58)
0.49 (0.41-0.57)

0.49 (0.41-0.57)
0.44 (0.36-0.52)

0.55 (0.48-0.61)
0.54 (0.45-0.62)
0.40 (0.34-0.49)
0.60 (0.53-0.67)
0.53 (0.44-0.60)

0.48 (0.42-0.55)

0.62 (0.54-0.70)
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Table A.4: Mean (95% confidence interval) area under

the ROC curve for predicting patient diagnoses, grouped

into Phecode phenotypes, using the baseline, methyla-

tion data, and genotype data. Confidence intervals de-

termined using bootstrapping.

Phecode Phenotype

Baseline

Methylation

Genotypes

Complications of car-
diac/vascular device, impla...
Swelling, mass, or lump in
head and neck [Space...
Syncope and collapse

Other hypertrophic and at-
rophic conditions of skin
Calculus of kidney

Heart transplant/surgery
Dyschromia and Vitiligo

Acute pharyngitis

0.57 (0.48-0.64)

0.46 (0.38-0.54)

0.50 (0.42-0.57)
0.54 (0.46-0.60)

0.52
0.48
0.55
0.49

0.45-0.59)
0.40-0.58)
0.49-0.63)

)

(
(
(
(0.40-0.58

0.46 (0.39-0.53)

0.46 (0.38-0.54)

0.45 (0.38-0.53)
0.45 (0.39-0.52)

0.44 (0.37-0.52)
0.41 (0.33-0.49)

0.41 (0.33-0.49) 0.49

0.38 (0.30-0.47)
0.61 (0.54-0.68)

0.46 (0.39-0.53)
0.47 (0.41-0.55)

0.45-0.56
0.31-0.49

0.51 )
)
0.42-0.55)
)

(
0.41 (
(
(

0.32 (0.26-0.40) 0.38 (0.29-0.48
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Table A.5: Number of samples with reported usage of
medications in the pharmaceutical subclasses. Pharma-

ceutical subclasses are sorted by number of samples.

Pharmaceutical Subclass Number of Samples (Percent)

Sodium 699 (80.9%)
Opioid Agonists 639 (74.0%)
Local Anesthetics - Amides 589 (68.2%)
Non-Barbiturate Hypnotics 584 (67.6%)
5-HT3 Receptor Antagonists 549 (63.5%)
Analgesics Other 544 (63.0%)
Radiographic Contrast Media 535 (61.9%)
Anesthetics - Misc. 507 (58.7%)
Glucocorticosteroids 499 (57.8%)
Salicylates 459 (53.1%)
Heparins And Heparinoid-Like Agents 459 (53.1%)
Opioid Combinations 458 (53.0%)
HMG CoA Reductase Inhibitors 456 (52.8%)
Proton Pump Inhibitors 443 (51.3%)
Oil Soluble Vitamins 434 (50.2%)
Vasopressors 421 (48.7%)
Surfactant Laxatives 398 (46.1%)
Electrolyte Mixtures 390 (45.1%)
Antiarrhythmics Type I-B 383 (44.3%)
Beta Blockers Cardio-Selective 383 (44.3%)
Cephalosporins - 1st Generation 369 (42.7%)
Calcium Channel Blockers 367 (42.5%)
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Loop Diuretics

Miscellaneous Contrast Media
Nondepolarizing Muscle Relaxants
Fluoroquinolones

Stimulant Laxatives

Nonsteroidal Anti-inflammatory Agents (NSAIDs)
Sympathomimetics
Antihistamines - Ethanolamines
Laxatives - Miscellaneous
Magnesium

Local Anesthetics - Topical
Potassium

Insulin

Benzodiazepines

Diagnostic Radiopharmaceuticals
Anticonvulsants - Misc.
Carbohydrates

Saline Laxatives

Antispasmodics

H-2 Antagonists

Angiotensin II Receptor Antagonists
ACE Inhibitors

Penicillin Combinations
Cephalosporins - 3rd Generation
Nitrates

Glycopeptides

Alpha-Beta Blockers

139

346 (40.0%)
341 (39.5%)
336 (38.9%)
327 (37.8%)
326 (37.7%)
313 (36.2%)
308 (35.6%)
301 (34.8%)
293 (33.9%)
290 (33.6%)
280 (32.4%)
277 (32.1%)
269 (31.1%)
265 (30.7%)
264 (30.6%)
260 (30.1%)
252 (29.2%)
250 (28.9%)
250 (28.9%)
232 (26.9%)
231 (26.7%)
225 (26.0%)
219 (25.3%)
217 (25.1%)
215 (24.9%)
213 (24.7%)
210 (24.3%)



Calcium

Multivitamins

Local Anesthetic Combinations
Anti-infective Misc. - Combinations
Anti-infective Agents - Misc.
Plasma Proteins

Diagnostic Drugs

Water Soluble Vitamins
Phenothiazines

Gastrointestinal Stimulants
Corticosteroids - Topical

Central Muscle Relaxants

Viral Vaccines

Iron

Vasodilators

Antibiotics - Topical

Hematopoietic Growth Factors
Azithromycin

Antacids - Calcium Salts
Antimyasthenic/Cholinergic Agents
Nasal Steroids

Selective Serotonin Reuptake Inhibitors (SSRIs)
Thiazides and Thiazide-Like Diuretics
Misc. Nutritional Substances
Opioid Antagonists

Platelet Aggregation Inhibitors
Thyroid Hormones
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207 (24.0%)
207 (24.0%)
200 (23.1%)
198 (22.9%)
193 (22.3%)
190 (22.0%)
189 (21.9%)
188 (21.8%)
184 (21.3%)
182 (21.1%)
182 (21.1%)
181 (20.9%)
175 (20.3%)
170 (19.7%)
168 (19.4%)
166 (19.2%)
165 (19.1%)
164 (19.0%)
164 (19.0%)
158 (18.3%)
158 (18.3%)
157 (18.2%)

(18.2%)

(17.9%)

(17.9%)

(17.8%)

(17.2%)

157
155
155
154
149



Antifungals - Topical
Bacterial Vaccines
Immunosuppressive Agents
Phosphate Binder Agents
Serotonin Modulators
Laxative Combinations
Biguanides

Depolarizing Muscle Relaxants
Genitourinary Irrigants
Prostatic Hypertrophy Agents
Bronchodilators - Anticholinergics
Antiflatulents

Antacid Combinations
Aminopenicillins
Imidazole-Related Antifungals
Diagnostic Tests

Cobalamins

Folic Acid/Folates

B-Complex w/ Folic Acid
Antihistamines - Non-Sedating
Anesthetics Topical Oral
Diabetic Supplies

Osmotic Diuretics
Tetracyclines

Multiple Vitamins w/ Minerals
Ophthalmic Anti-infectives
Metabolic Modifiers

141

149 (17.2%
16.7%
16.4%
16.2%
15.7%
15.7%
15.6%
15.6%
15.5%
15.5%
15.2%
130 (15.0%
127 (14.7%

( )
144 ( )
( )

( )

( )

( )

( )

( )

( )

( )

( )

( )

( )
126 (14.6%)
( )

( )

( )

( )

( )

( )

( )

( )

( )

( )

( )

( )

( )

142
140
136
136
135
135
134
134
131

125 (14.5%
120 (13.9%
118 (13.7%
116 (13.4%
116 (13.4%
113 (13.1%
108 (12.5%
107 (12.4%
106
105
105
104
102

12.3%
12.2%
12.2%
12.0%
11.8%



Potassium Removing Agents
Potassium Sparing Diuretics
Hemostatics - Topical
Ophthalmics - Misc.

Gout Agents

Alternative Medicine - M’s
Parenteral Therapy Supplies
Cough/Cold/Allergy Combinations
Antiseptics - Mouth/Throat

Direct Factor Xa Inhibitors
Anti-infectives - Throat
Anti-inflammatory Agents - Topical
Coumarin Anticoagulants
Posterior Pituitary Hormones
Antidotes and Specific Antagonists
Antiadrenergic Antihypertensives
Ophthalmic Steroids

Antitussives

Lincosamides

Dibenzapines

Bone Density Regulators
Antianxiety Agents - Misc.
Phosphate

Antiemetics - Anticholinergic
Antiperistaltic Agents

Herpes Agents

Bicarbonates

142

—_
=}
o)
<3z

D I N N N N N N N =



Liquid Vehicles

Antiarrhythmics Type II1

Artificial Tears and Lubricants
Antidiarrheal /Probiotic Agents - Misc.

Toxoid Combinations

Urinary Antispasmodic - Antimuscarinics (Antich...

Lozenges

CMV Agents

Thrombolytic Enzymes
Impotence Agents

Alternative Medicine - C’s
Sulfonylureas

Antihypertensive Combinations
Specialty Vitamins Products
Aminoglycosides
Cephalosporins - 2nd Generation
Alkalinizers

Opioid Partial Agonists
Urinary Anti-infectives
Irrigation Solutions

Influenza Agents

Expectorants

Beta Blockers Non-Selective

Tricyclic Agents

Serotonin-Norepinephrine Reuptake Inhibitors (S...

Cephalosporins - 4th Generation

Antihistamines-Topical
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Antacids - Bicarbonate 54 (6.2%)
Bulk Laxatives 53 (6.1%)
Alpha-2 Receptor Antagonists (Tetracyclics) 52 (6.0%)
Ophthalmic Local Anesthetics 49 (5.7%)
Hemostatics - Systemic 49 (5.7%)
Zine 48 (5.6%)
Dipeptidyl Peptidase-4 (DPP-4) Inhibitors 47 (5.4%)
Gallstone Solubilizing Agents 47 (5.4%)
Cycloplegic Mydriatics 47 (5.4%)
Protamine 58 (5.4%)
Butyrophenones 46 (5.3%)
Antidepressants - Misc. 45 (5.2%)
Mucolytics 45 (5.2%)
Leukotriene Modulators 44 (5.1%)
B-Complex Vitamins 44 (5.1%)
Acne Products 44 (5.1%)
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Table A.6: Medications used in each pharmaceutical sub-

class

Pharmaceutical Subclass Drug Name
ALKALINIZERS BICITRA
ALKALINIZERS CITRIC
ALKALINIZERS CYTRA-2
ALKALINIZERS CYTRA-3
ALKALINIZERS POT
ALKALINIZERS POTASSIUM
ANTI-INFECTIVES - THROAT CLOTRIMAZOLE
ANTI-INFECTIVES - THROAT MICONAZOLE
ANTI-INFECTIVES - THROAT NYSTATIN
B-COMPLEX W/ FOLIC ACID B
B-COMPLEX W/ FOLIC ACID B-COMPLEX
B-COMPLEX W/ FOLIC ACID DIALYVITE
B-COMPLEX W/ FOLIC ACID FULL
B-COMPLEX W/ FOLIC ACID NEPHRO-VITE
B-COMPLEX W/ FOLIC ACID NEPHROCAPS
B-COMPLEX W/ FOLIC ACID RENA-VITE
B-COMPLEX W/ FOLIC ACID RENAL
B-COMPLEX W/ FOLIC ACID RENAL-VITE
B-COMPLEX W/ FOLIC ACID VOL-CARE
B-COMPLEX W/ FOLIC ACID VP-VITE
BIGUANIDES METFORMIN

CALCIUM CHANNEL BLOCKERS ADALAT
CALCIUM CHANNEL BLOCKERS AFEDITAB
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CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CALCIUM CHANNEL BLOCKERS
CMV AGENTS

CMV AGENTS

DIBENZAPINES

DIBENZAPINES

DIBENZAPINES

HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
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AMLODIPINE
CARTIA

DILT-XR
DILTTAZEM
FELODIPINE
ISRADIPINE
NICARDIPINE
NIFEDICAL
NIFEDIPINE
NIMODIPINE
NORVASC
VERAPAMIL
VALCYTE
VALGANCICLOVIR
OLANZAPINE
QUETIAPINE
ZYPREXA
ARANESP
DARBEPOETIN
EPOETIN
EPOGEN
FILGRASTIM
FILGRASTIM-SNDZ
MIRCERA
NEULASTA
NEUPOGEN
PEGFILGRASTIM



HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS
HEMATOPOIETIC GROWTH FACTORS

IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
IMMUNOSUPPRESSIVE AGENTS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
METABOLIC MODIFIERS
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PROCRIT
ROMIPLOSTIM
ZARXIO
ANTI-THYMOCYTE
AZATHIOPRINE
BASILIXIMAB
BELATACEPT
CELLCEPT
CYCLOSPORINE
EVEROLIMUS

IDS
MYCOPHENOLATE
MYCOPHENOLIC
MYFORTIC
NEORAL
PROGRAF
RAPAMUNE
SIROLIMUS
TACROLIMUS
CALCITRIOL
CINACALCET
DOXERCALCIFEROL
HECTOROL
PARICALCITOL
ROCALTROL
SENSIPAR
ZEMPLAR



OSMOTIC DIURETICS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

PHOSPHATE BINDER AGENTS

POTASSIUM REMOVING RESINS

POTASSIUM REMOVING RESINS

POTASSIUM REMOVING RESINS

POTASSIUM REMOVING RESINS

POTASSIUM REMOVING RESINS

POTASSIUM REMOVING RESINS

SELECTIVE SEROTONIN REUPTAKE INHIBITORS
SELECTIVE SEROTONIN REUPTAKE INHIBITORS
SELECTIVE SEROTONIN REUPTAKE INHIBITORS (SSRIS
SELECTIVE SEROTONIN REUPTAKE INHIBITORS (SSRIS

(SSRIS)
( )
( )
( )
SELECTIVE SEROTONIN REUPTAKE INHIBITORS (SSRIS)
( )
( )
( )

SSRIS

SELECTIVE SEROTONIN REUPTAKE INHIBITORS (SSRIS
SELECTIVE SEROTONIN REUPTAKE INHIBITORS (SSRIS
SELECTIVE SEROTONIN REUPTAKE INHIBITORS (SSRIS
SPECIALTY VITAMINS PRODUCTS
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MANNITOL
AURYXIA
CALCIUM
FERRIC
FOSRENOL
LANTHANUM
PHOSLO
RENAGEL
RENVELA
SEVELAMER
SUCROFERRIC
VELPHORO
KALEXATE
KAYEXALATE
KIONEX
PATIROMER
SODIUM
VELTASSA
CITALOPRAM
ESCITALOPRAM
FLUOXETINE
FLUVOXAMINE
LEXAPRO
PAROXETINE
SERTRALINE
ZOLOFT
MG-PLUS



SPECIALTY VITAMINS PRODUCTS
SPECIALTY VITAMINS PRODUCTS
SULFONYLUREAS
SULFONYLUREAS
SULFONYLUREAS
THROMBOLYTIC ENZYMES
VASODILATORS

VASODILATORS

VASODILATORS

ONE-A-DAY
PROSTATE
GLIMEPIRIDE
GLIPIZIDE
GLYBURIDE
ALTEPLASE
HYDRALAZINE
MINOXIDIL
NITROPRUSSIDE
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Figure A.3: Best methylation-predicted medications within ancestral populations. After
training a model on the entire heterogeneous set of individuals, we evaluated the predictive
performance within each population separately. We observed no significant differences within
self-reported ancestral groupings.
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Figure A.4: Best methylation-predicted lab panels within ancestral populations. After train-
ing a model on the entire heterogeneous set of individuals, we evaluated the predictive per-
formance within each population separately. We observed no significant differences within
self-reported ancestral groupings.
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APPENDIX B

Supplementary Material - Learning Higher-Order

Dynamics in Video-Based Cardiac Measurement

B.1 Supplemental Methods

B.1.1 Example Video Frames
B.1.2 Model Architecture

The first two 3D convolutional layers in each branch each have 16 filters and the final two
3D convolutional layers in each branch each have 32 filters. Each convolutional layer has a
filter size of 3x3x3 for all 3D convolutional layers in the network. All convolutional layers
are padded such that they have the same height, width, and number of time steps in each
consecutive layer. Convolutional layers use the hyperbolic tangent activation function, except
for the convolutional layers used for the attention masks which use a sigmoid activation
function for generating the soft masks. Attention masks (one per time step) are applied by
applying an element-wise multiplication of the attention mask with each 3D convolutional
feature map. Average pooling layers reduce the height and width of the frames by a factor of
two, except for the final average pooling layer that pools over the entire frame (i.e. reduces
each feature map to a single value per time step). Dropout (25% probability) is applied after

every pooling layer to reduce overfitting.

After the final pooling layer, the learned features for each time step in a branch are

concatenated together (i.e. combined across branches to share information). Each target
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Figure B.1: Example video frames of different synthetic avatars generated for the training
data set. The highly-parameterized avatar generation pipeline enables the creation of diverse
subjects with varied demographics, lighting conditions, backgrounds, clothing/accessories,
and movements.

signal uses its own set of (2) RNN layers to read the concatenated features over time and
generate a target sequence. The first RNN layer is implemented as a bi-directional GRU

(hyperbolic tangent activation function) with 64 total units (32 each direction). The second

RNN layer is a GRU (linear activation function) layer with 1 output value per time step.

B.1.3 Metric Calculation

Heart Rate (HR) estimation To estimate the heart rate, we use an fast Fourier transform
(FFT)-based method to calculate the dominant frequency in the signal, which corresponds

to the heart rate. We first estimate power spectral density using the “periodogram” function
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Figure B.2: Example video frames from four participants in the AFRL dataset used for
model testing and evaluation.

from the scipy.signal [VGO20] library. Then we band-pass filter the PPG signal, with cutoff
frequencies of 0.75-4.0 Hz (corresponding to a minimum HR of 45 BPM and maximum HR
of 240 BPM). Finally, we select the frequency with the maximum power, and use this as our

estimated HR.

Left Ventricle Ejection Time (LVET) estimation The LVET time is defined as the
time interval between the diastolic peak and the dicrotic notch. To calculate this interval,
we first identified the diastolic point in the second derivative (SD) of the PPG signal, which,
because it is a “global” minima in the PPG heartbeat, appears as a “global” maxima (positive
SD value) in the SD PPG. Then, in each predicted SD PPG waveform, we identified candidate

dicrotic notch points. Since the dicrotic notch manifests as a “local” minima in the PPG
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signal, it appears as a “local” maxima in the PPG SD signal (positive SD value). Using peak
detection (“find_peaks” function in the scipy.signal library [VGO20]) we identify candiadate
dicrotic notch points by finding local peaks that occur after a diastolic point, and use the

dicrotic notch candidate point that is closest in time to the reference diastolic point.

Because both the ground truth PPG (and therefore its derivatives) and, in particular, the
predicted PPG (and its derivatives), contain signal artifacts and noise, the peak detection
process is not perfect. To reduce variability in the LVET interval estimates due to noise,
we apply a smoothing operation. Specifically, we estimate the mean LVET interval within a
10-second non-overlapping window and use this as our estimate of true/predicted LVET. See
Appendix Fig. B.3 for example LVET intervals over time, and the estimated LVET intervals

after smoothing within windows.

B.2 Supplemental Results

Table B.1: Quantitative performance comparison between different architecture configura-
tions. Values shown are (mean + standard deviation). Beats-per-minute (BPM); First
Derivative (FD); Heart Rate (HR); Mean Absolute Error (MAE); Second Derivative (SD);
Left Ventricle Ejection Time (LVET).

Input Frames Target Signals HR MAE (BPM) LVET MAE (ms)
FD SD FD SD

X v 4 X 3.14 £ 7.07 83.09 + 42.41
X v v v 6.97 £ 16.30 65.10 &= 31.56
X v X v 2.95 £ 6.57 D7.67 £ 25.82
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Figure B.3: Comparison of Left Ventricle Ejection Time (LVET) estimation over a 5-minute

time period. Solid lines are computed as the mean LVET interval within non-overlapping
10-second windows.
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