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ABSTRACT
Evaluation of Hypertension Treatment: A Computational Analysis

Kimberly Shoenbill, MD, MS

The Gap: Over 45% of the 85.7 million US adults with hypertension have uncontrolled
blood pressure resulting in increased risks of death, stroke, and myocardial infarction.
Guidelines on hypertension management include lifestyle modification and medication
initiation as first line treatment. To improve hypertension control, it is important to
determine the frequency and inter-relatedness of lifestyle modification, hypertension
medication initiation, and variables predictive of treatment. Lifestyle modification data is
usually documented in narrative form, making it “invisible” in evaluation of coded data.
Methods: Electronic health record data from 14,860 adult hypertension patients were
analyzed using natural language processing, statistical methods, and machine learning
algorithms to evaluate documentation of lifestyle modification, hypertension medication
initiation, and predictors of treatment.

Results: Combined lifestyle modification (any advice and assessment) recall was
99.27%, precision 94.44%, and correct classification 88.15%. Within one year of
hypertension onset over 78% of patients had documented lifestyle modification and
62.2% of patients needing hypertension medication did not have a documented
prescription. 69.4% of those “untreated” patients had documented lifestyle modification.
Machine learning classification accuracy, as measured with AUROC, was 0.813 for
classification of lifestyle modification documentation at any time, 0.685 at < 3 months,
and 0.709 for classification of medication initiation within one year of meeting

hypertension criteria.



Conclusion: Natural language processing and machine learning analyses provided
new information on hypertension treatment and variables predictive of treatment.
Knowledge gained from this approach to EHR data evaluation can inform and help

improve hypertension treatment, care processes, and metric development.
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1. Introduction

1.1.Hypertension Prevalence and Treatment

Hypertension is aptly named the “silent killer” due to its stealthy attack on millions of
people with resultant untimely deaths, heart attacks, strokes, and kidney disease in its
victims.! Hypertension prevalence continues to rise with an estimated 85.7 million adults
in the US and 1.13 billion adults worldwide having hypertension (defined as a systolic
blood pressure at or above 140 mmHg or a diastolic blood pressure at or above 90
mmHg).>? In the United States hypertension is a leading cause of disability and is
ranked the third highest risk factor related to death.® With 1 in 3 US adults having
hypertension, the total annual national cost related to this disease is 51 billion dollars.*
Although a main cause and contributor to morbidity and mortality, hypertension risks
can be minimized with implementation of treatment guidelines.>® Many studies have
shown multiple health benefits in lowering elevated blood pressure.®'4 Despite
guidelines and well-published information on the benefits of hypertension treatment,
45.6% of US adults with hypertension do not have their blood pressure under control
and 15.9% are not aware they have hypertension.! Hypertension’s prevalence and its
sequelae are expected to rise as the population ages unless successful hypertension
prevention practices are instituted. The American Heart Association estimates the 2030
prevalence of hypertension will increase to approximately 41.4% of US adults.!® First
line treatment of hypertension includes lifestyle modification alone or with medication
initiation. Increased research into actual use of these proven treatment

recommendations in clinical practice is needed to improve hypertension control.16-19



This study undertakes this challenging task by evaluating lifestyle modification and

hypertension medication initiation documentation within electronic health record notes of

incident (not yet diagnosed) hypertension patients.

1.2.Lifestyle Modification

The top 7 US health risks for combined disability and death identified in the Global

Burden of Disease Study 2016 were tobacco, dietary risks, high body mass index,

alcohol and drug abuse, high blood pressure, high fasting plasma glucose, and high

cholesterol.3?° These risks can be minimized through the implementation of lifestyle

modifications.(Table 1)°

Lifestyle Modification Topic

Recommendation

Alcohol

Limit alcohol to no more than 1 oz of ethanol in
most men (2 drinks) and 0.5 oz of ethanol in most
women (1 drink) per day

DASH Diet (dietary approaches in hypertension)

Consume a diet low in fat (saturated and total)
and high in fruits, vegetables, low-fat dairy
products, and whole grains

Physical Activity

Increase physical activity to a goal of at least 30
minutes of moderate activity most days per week

Sodium Reduce dietary sodium to 2.4 gm sodium (6 gm
sodium chloride)
Tobacco Tobacco cessation

Weight management

Maintain normal body weight (body mass index
18.5-24.9 kg/m?)

Table 1. Lifestyle Modification Recommendations

National guidelines have recommended the use of lifestyle modification in the treatment

of multiple prevalent disorders plaguing the US today including hypertension, obesity,

coronary artery disease, diabetes and peripheral vascular disease.?!-26 Unfortunately,




how providers counsel and document these low-risk, effective interventions is poorly
understood because this information is invisible in studies of coded data (i.e., studies
limited to information obtained using diagnosis or procedure codes). Lifestyle
modification is recommended by multiple hypertension guidelines as a critical first-step
(with or without medication) to achieve hypertension control.56:21.22.27.28

Lifestyle modification is as effective as single-drug therapy in achieving hypertension
control with documented systolic blood pressure reductions of 2-20 mmHg.15-11,29-37
Unfortunately, provider counseling on lifestyle modification is under-utilized.38-4? Despite
proof of tremendous benefits of lifestyle modification on life expectancy and
cardiovascular risk reduction, documentation of lifestyle modification assessment and
advice has not been adequately examined.*34* Further research on how providers can
help patients adopt diet and physical activity recommendations was called for in the
2013 American Heart Association/American College of Cardiology guideline.?? My PhD
work helps to fill this knowledge gap by identifying what is currently being recorded as
lifestyle modification efforts and missed opportunities for lifestyle modification

intervention.

1.3.Natural Language Processing

Overview

With lifestyle modification documentation usually buried within clinical notes, prior
studies of lifestyle modification have focused on survey data or smaller chart reviews.
38,4045-48 Historically, manual chart review has been used to abstract information from
patient records, but this has proven to be a time- and labor-intensive process, making

large-scale chart abstractions nearly impossible. In order to accomplish this task more



efficiently, natural language processing (NLP) can automatically extract text-based
information from narrative notes. NLP tools can process many thousands of notes per
hour.*® This technology makes larger chart abstractions feasible and allows a more
comprehensive evaluation of documentation of lifestyle modification. The natural
language processing tool used in this study is the Clinical Text Analysis and Knowledge
Extraction System (cCTAKES). It is an open-source pipeline which processes clinical
notes and identifies types of clinical named entities — drugs, diseases/disorders,
signs/symptoms, anatomical sites, and procedures. A schematic of an NLP processor

workflow is seen in Figure 1.%°

EHR Notes

Regular
| Hikzs | Expsgssicns
Mamed i

NLP Output

Figure 1. Natural language processing pipeline with enhancements

Each extracted named entity has attributes describing the text span, the ontology
mapping code, context (family history of, current, unrelated to patient), and negated/not
negated. The typical process starts with detection of each section of the text and then
each sentence, followed by the identification of sentence tokens (words, dates,

numbers, etc.) in the sentence. Part-of-speech is assigned to tokens (noun, preposition,



noun-phrase, etc.). The Named Entity Recognition component implements a dictionary
look-up, so that each entity is mapped to a concept from the tool’s dictionary. Post
coordination then combines multiple concepts into a single one (e.g., low + cholesterol +
diet = low cholesterol diet). To improve relevant term and phrase identification for this
study, the process was augmented with additional components of rules and regular
expressions (exemplified in Figure 1 by the green down-arrow boxes) and an expanded
dictionary, beyond the cTAKES UMLS dictionary module, was used to extract lifestyle
modification terms and phrases.

NLP has been employed to successfully extract data from electronic clinical records and
has been applied in many fields for efficient and accurate chart abstraction.>>* Some
studies have explored the identification of smoking status as an isolated finding.>>-°¢
One study used NLP for extraction of information on weight management counseling in
postpartum visits and showed extraction capabilities similar to human abstractors.>’
However, to my knowledge, no prior comprehensive, automated extraction of all lifestyle
modification activities recommended for hypertension treatment has been attempted.
An example of output information from the natural language processing work is shown

in Figure 2.



Sentence 1: He has been exercising, has watched his diet and followed the DASH diet.

Initially identified concepts:
diet

Desired information:

has been exercising
has watched his diet
followed the DASH diet

|dentified after modifications to the cTAKES pipeline:
patient reported item = exercising

patient reported item diet

patient reported item DASH diet

Sentence 2: Recommended weight loss through DASH diet and exercise changes.

Initially identified concepts:
weight loss

diet

exercise

Desired information
recommended weight loss
recommended DASH diet
recommended exercise changes

|dentified after modifications to the cTAKES pipeline:
provider counseling = weight loss

provider counseling = DASH diet

provider counseling = exercise changes

Figure 2. Example of output from natural language processing

Terminology Identification and Dictionary Enrichment

The cTAKES natural language processing tool dictionary could not, without
enhancement, identify relevant lifestyle modification terms and phrases. Moreover,
existing ontologies (terms and their interconnections) did not adequately describe and
map lifestyle modification terms and phrases.>®¢2 An empirical approach was used to
create and iteratively enrich and refine the lifestyle modification terminology in three
stages: (1) literature review to identify relevant terms, (2) identification of relevant terms
in current ontologies (terms and their interconnections such as the ontologies in the

National Center for Biomedical Ontology and the Consumer Health Vocabulary),®? and



(3) domain expert input and evaluation of terms and phrases identified within the
training set. From this iterative process, the lifestyle modification terminology was

created and used as the dictionary for the enhanced NLP process.

1.4.Machine Learning

Machine learning is an automated approach to data analysis wherein statistical and
algorithmic methods are used to build models to classify or predict an output variable
using input variables and patterns learned from the data while requiring minimal explicit
human instruction in model generation. Machine learning methods have been applied to
a variety of medical problems to find new patterns or correlations within existing data.6*
67 This study focused on “supervised” machine learning methods. “Supervised” means
the dataset contains the known class value for each patient. For example, if a patient
had documented lifestyle modification at < 3 months, her class value is < 3 months.
Given a training set consisting of patient, provider, and clinic characteristics along with a
known class value for each patient, a “supervised” machine-learning algorithm creates a
model that represents the class variable as a function of the patient, provider, and clinic
characteristics. Such models can provide insight into the factors that explain the class
variable value. They can also be applied to previously unseen patients to predict their
class variable values. Supervised machine learning algorithms used are described
below in Figure 3 and included logistic regression, decision trees, and random forests.
Zero R is a rule-based classifier that served as a “straw man” algorithm — a basic model
that predicted the class value of a given instance (patient in this analysis) to be the
majority (mode) value for the class of interest in the dataset. This machine learning

algorithm is used as a baseline representation of results near random guessing.



Investigators can compare results from other algorithms to Zero R results to determine if
the model from a given algorithm is better than randomly guessing the class value

based on the dataset’'s known frequency of class values.

Zero R
e Alearned model is a rule that assigns the majority class value to each new instance based on

the training data

e The learning algorithm infers a model by predicting the majority class (mode class value) for
each instance.

e The model classifies new instances as having the majority class value.

e Provides a baseline understanding of almost random prediction based solely on the most

frequent class value in the dataset

Logistic regression.
e |n alearned model a patient is represented as a vector of variables corresponding to a point in

the hypothesis space of all clinic, patient and provider variables.

e The learning algorithm infers a model by transforming the input variables using the logistic
function to the output variable. The output variable is a probability between 0 and 1. The
coefficient for each variable is determined from the data to most accurately reproduce each
patient’s class in the training set.

e Class assignment is determined by applying a threshold value to the weighted sum of the
variables for each patient. This value separates new instances into membership into one of the

identified classes: 1) medication initiation yes; 2) medication initiation no.




Decision tree learner 68

e Alearned model is represented as an upside down tree with the “root” (at the top) containing all
the data with a mixture of class variable values down to the “leaves” which contain data with
only one (ideal) or a few (acceptable) class variable values

O Looking at the tree, an observer can determine which characteristics (or combination of
characteristics) is/are predictive (found in the branch path) leading out to the particular

class variable value at the end of the branching (a leaf)

e A learning algorithm Iteratively splits the training set on input variable values, into subsets with
purer collections of data based on the targeted class with the goal being to decrease

heterogeneity in each subsequent subset.

e The model classifies new instances using the variables to split the data as per the training set
to achieve a tree with pure leaves which contain instances of a single (or mostly single) class

value.

Random Forests®%:70

e Alearned model is represented as a collection of decision trees from repeated resampling of
the data to achieve the most homogenous leaves (classes) at the end of the branches

e The learning algorithm infers a model as in decision trees, but assigns the majority class of the
many trees that were created for a given instance.

o Classification is done with assignment of the majority class value from all the tree models to a

new nominal instance.

Figure 3. Classifier descriptions in machine learning analysis
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Random forests are ensembles of trees that have demonstrated state-of-the-art
predictive accuracy in a wide array of problem domains. Random forests were
evaluated to see if a collection of trees could better predict the class value than a single

tree 69.70

Machine learning methods have been applied to hypertension and cardiovascular
domains with investigation of incident hypertension prediction, evaluation of
determinants of successful hypertension treatment with medication, and identification of
predictors of intermediate outcomes related to cardiovascular disease.’*”3 One article
discussing future directions for use of machine learning in hypertension management
calls out the need to incorporate lifestyle and environmental factors in establishing

models to choose the most appropriate medication treatment for hypertension.’*
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2. Specific Aims

2.1.0Overview

Systematic identification of lifestyle modification (including provider counseling on
modifications and patient-reported lifestyle changes) is the first step toward improving
its use in clinical practice and establishing it as a quality metric. Therefore, | analyzed
clinical narratives and structured data from the electronic health records (EHRS) of
14,860 incident hypertension patients (i.e., patients who met criteria for a hypertension
diagnosis but had not received documented ICD-9 diagnosis codes or medications for
hypertension). Incident hypertension patients present an excellent patient-population to
study lifestyle modification for many reasons: (1) lifestyle modification is recommended
by multiple hypertension guidelines as a first-line treatment; (2) hypertension is
increasingly prevalent and costly; (3) hypertension control is suboptimal in almost 46%
of US hypertension patients; (4) lifestyle modification can be as effective as single-drug
therapy in achieving hypertension control; (5) the percentage of eligible patients
receiving lifestyle modification counseling is incompletely understood; and (6) delays in
antihypertensive medication initiation have been identified but are incompletely

understood. My study aims are described below.

2.2.Aim One

Refine existing dictionaries and natural language processing (NLP) methods to
identify how lifestyle modification is recorded in electronic health records of adult
hypertension patients. | iteratively developed and validated a list of term and phrases
reflecting lifestyle modification based on literature review, expert domain knowledge,

and terms and phrases found within EHR notes. After validation, the dictionary-
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enhanced NLP extraction methods were used to extract information on the content and
frequency of lifestyle modification from 14,360 patients’ EHR notes.
Hypothesis: Lifestyle modification, as treatment for hypertension, can be extract and

measured from electronic health records using NLP methods.

2.3.Aim Two

Determine clinical predictors of lifestyle modification assessment and advice as
first-line treatment of hypertension. Using statistical hypothesis testing and existing
machine learning algorithms, | analyzed data from 14,360 patients’ EHR notes to

identify clinical predictors of lifestyle modification assessment and advice.

Hypothesis: Using statistical and machine-learning methods, patient, provider, and
clinic characteristics associated with lifestyle modification assessment and advice can

be identified.

2.4.Aim Three

Determine clinical predictors of delays in medication initiation for hypertension.
Using statistical hypothesis testing and existing machine learning algorithms, | analyzed
data from 14,360 patients’ EHR notes to identify clinical predictors of delays in
medication initiation for hypertension. A delay in medication initiation is defined as no
hypertension medication initiation within one year of hypertension onset for patients with

persistent hypertension.

Hypothesis: Using statistical and machine-learning methods, patient, provider, and
clinic characteristics associated with delays in medication initiation for hypertension can

be identified
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3. Methods

3.1.Methods Overview

This was a large, retrospective study of 14,860 incident hypertension patients’ EHR
records from UW Health. Each patient meets criteria for a diagnosis of hypertension, but
at the start of the study period had not received an EHR-documented diagnosis or
medication prescription for hypertension (i.e., no ICD-9 code for any hypertensive
disease and no antihypertensive medication is recorded). Note: meeting hypertension
criteria was determined by documented blood pressures, not dependent on provider-
defined diagnosis as detailed under inclusion criteria below. This method for defining
onset of hypertension has been used in prior research.” For each patient, extraction
methods employed in this study allowed information on lifestyle modification counseling
to contain both coded and text-based outpatient encounter notes and associated
administrative data. This data was evaluated to identify types, frequencies, timing, and
predictors of lifestyle modification. Data was also evaluated to determine frequency and
predictors of hypertension medication initiation within one year of hypertension onset

and its relation to lifestyle modification documentation.

3.2.Institutional and Clinical Settings

UW Health is the academic health system for the University of Wisconsin-Madison. UW
Health serves a broad range of diverse populations, including academic and community
clinics concentrated in south central Wisconsin in urban and rural communities. UW
Health ambulatory practices include both large, multi-specialty clinics and community-
based primary care clinics. They are located primarily within Dane County, which

represents two-thirds of UW Health’s patient base, but also are located in communities
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across central Wisconsin. The affiliated physician group includes approximately 1,600

physicians. Approximately 2.8 million outpatient visits are completed each year.

3.3.Inclusion and Exclusion Criteria

Sample: Day one of study inclusion was defined as the date the patient reached clinical

criteria for hypertension, but did not yet receive a coded diagnosis for hypertension or

any hypertensive disease within the electronic health record.

Inclusion criteria: (from this retrospective patient population)

Patients at least 18 years old “managed” at a UW Health practice between January
01, 2008 and December 31, 2011. “Managed” was defined as having at least two
billable office encounters in an outpatient, non-urgent care primary care setting, or
one primary care encounter and one office encounter in an urgent care setting
(regardless of diagnosis code). Patients accrued time in the study with a maximum
time of 4 years. Patients were censored due to death or no longer meeting criteria of
being managed at a UW Health practice.

Adult patients (regardless of gender, race or ethnicity) meeting criteria for the
diagnosis of hypertension defined as follows: at least three separate elevated blood
pressures within a two year period, measured at least 30 days apart, with systolic =
140 mmHg or diastolic =2 90 mmHg; or two elevated blood pressures within a two
year period, measured at least 30 days apart, with systolic 2 160 mmHg or diastolic
= 100 mmHg, as defined by guidelines from the Seventh Report of the Joint National
Committee on the Prevention, Detection, Evaluation and Treatment of High Blood

Pressure.® Hospital and emergency room blood pressures were excluded.

Exclusion criteria:
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e Patients pregnant during the retrospective study period, excluded 1 year before,
during, and 1 year after pregnancy.

e Patients with a pre-existing diagnosis of hypertension including essential
hypertension, hypertensive heart disease, hypertensive renal disease, hypertensive
heart and renal disease, secondary hypertension, or any anti-hypertensive
medication prescription.

e Children under the age of 18 (because guidelines being used are for adult
hypertension patients).

e Prisoners (as a vulnerable population) were excluded: IRB approval was not
obtained for inclusion of this population given their limited freedom to control lifestyle

modification interventions.

3.4.Data Sources

Clinical (EHR) Dataset Administrative Dataset
14,860 patients meeting study inclusion criteria provider and system data related to the 14,860 study patients

500 patients’ records 14,360 patients’ records

"

Aim 1: onfology and MLP tool refinement ‘ Aim 2Z: predictor identification

MNLP NLP Machine leaming Machine leaming
tool training tool testing model training model testing
300 200 12 860 1,500
patients’ records patients’ records patients’ records patients’ records

Figure 4. Graphical representation of use of the study datasets

For the clinical data set, a sample of 14,860 patients met inclusion criteria. The data set

contained longitudinal information about the patients, including coded instances (e.g.,
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demographics, laboratory tests, diagnoses) and textual data (e.g., clinical narratives and
reports). All relevant full-text documents from patients meeting inclusion criteria were
extracted from the UW Health electronic health record along with coded data. The
administrative data set was comprised of UW Health provider and systems data related
to patients in the study population. Figure 4 illustrates how the data sets were used in
each phase of this proposal. The subsets of patients (as shown in the figure) were
randomly selected. IRB approval was obtained for use of the datasets in this study. A
copy of the IRB approval document has been included in Appendix E.

Full details of methods and further data divisions for each specific aim are provided in
the manuscripts (Chapter 4 sections 4.1 - 4.3). For specific Aims 2 and 3, class
variables of time to lifestyle documentation or medication initiation was calculated from
day one of study entry (which was when a patient fulfilled inclusion criteria above) until
the first time lifestyle modification was documented (Aim 2) or the first time a

prescription for medication was documented (Aim 3).
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ABSTRACT

Lifestyle modification, including diet, exercise, and tobacco cessation, is the first-line
treatment of many disorders including hypertension, obesity, and diabetes. Lifestyle
modification data are not easily extracted or used due to their textual nature. This study
addresses this knowledge gap by using natural language processing to automatically
identify lifestyle modification documentation from electronic health records.

Electronic health record notes from hypertension patients were analyzed using an open-
source natural language processing tool to retrieve assessment and advice regarding
lifestyle modification. These data were classified as lifestyle modification assessment or
advice and mapped to a coded standard ontology. Combined lifestyle modification
(advice and assessment) recall was 99.27%, precision 94.44%, and correct
classification 88.15%.

Through extraction and transformation of narrative lifestyle modification data to coded
data, this critical information can be used in research, metric development, and quality
improvement efforts regarding care delivery for multiple medical conditions that benefit

from lifestyle modification.

Key words
Electronic Health Records, Health Behavior, Hypertension, Life Style, Natural Language

Processing
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BACKGROUND AND SIGNIFICANCE

National guidelines have recommended the use of lifestyle modification in the treatment
and prevention of prevalent disorders plaguing the US today including hypertension,
obesity, coronary artery disease, diabetes, peripheral vascular disease, and cancer.'®
The top 7 US health risks for combined disability and death identified in the Global
Burden of Disease Study 2016 were tobacco, dietary risks, high body mass index,
alcohol and drug abuse, high blood pressure, high fasting plasma glucose, and high
cholesterol. 121! These risks can be minimized through the implementation of lifestyle
modifications (e.g., tobacco cessation, dietary changes, alcohol moderation, illicit drug
use abstinence, increased aerobic exercise, and weight loss to achieve a healthy
weight). The efficacy of addressing lifestyle in just one counseling session has been
shown.!? For example, behavior change can be elicited by making patients aware of
their elevated blood pressure readings after a provider encounter.*® Despite the
effectiveness and importance of lifestyle modification in treating hypertension and many
chronic illnesses, lifestyle modification is under-utilized and not easily measured, due to
it being buried in narrative text rather than in consistent coded form (e.g., diagnosis or
procedure codes).'+?! This limits accurate evaluation of the efficacy of these
interventions, tracking of quality care metrics, and reimbursement. Evaluation of lifestyle
modification includes both the assessment of lifestyle modification activities as reported
by a patient or observed by a provider (e.g., “patient started running and weight is
down”) and advice on lifestyle modification activities given by a provider to a patient
(e.g., “recommend patient lose 30 pounds”). Systematic identification of lifestyle
modification is the first step toward improving its use in clinical practice and establishing

it as a quality metric. While some clinical information systems code limited individual
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behaviors (e.g., smoking history), much of this information continues to be recorded
primarily in narrative form.

There is a need for automated methods that can facilitate the extraction and integration
of lifestyle behavior factors for use in research. Historically, manual chart review has
been used to abstract information from patient records, but this has proven to be a time
and labor-intensive process, making large-scale chart abstractions nearly impossible. In
order to accomplish this task more efficiently, this study used natural language
processing (NLP) software tools and processes that can automatically extract text-
based information. NLP tools can process many thousands of notes per hour.?? This
technology makes larger chart abstractions feasible and allows a more comprehensive
evaluation of documentation of lifestyle modification.

NLP has been used to successfully extract data from electronic clinical records and
applied in many fields for efficient and accurate chart abstraction.?>?” Some studies
have explored the automated extraction of information on smoking status as an isolated
finding.28-3! One study looked at NLP tool augmentation to extract cardiovascular risk
identification.3? Another study used the MediClass NLP tool for extraction of information
on weight management counseling in postpartum visits and showed extraction
capabilities similar to human abstractors.3® A separate study extracted limited lifestyle
modification documentation in evaluation of diabetes management.3* And multiple prior
studies of lifestyle modification have used survey data, with potential bias concerns, or
small numbers of recorded patient encounters, with potential lack of generalizability and
power. To our knowledge, this work is the first to evaluate lifestyle modification for

hypertension in a large population using automated methods.
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The primary objective of this study was to use an existing open-source natural language
processing tool, cTAKES, along with rules and regular expressions on existing
electronic health records to make previously invisible data on lifestyle modification
documentation visible and ready for analysis. We used an existing data set that had
been used in prior evaluations of hypertension treatment and clinical inertia.3®> This data
set was chosen because it could accomplish two goals: (1) evaluate the feasibility of
automatic extraction of lifestyle modification (LM) using an open source NLP tool
allowing use and application to multiple chronic disease evaluations at different
institutions, and (2) facilitate extension of prior work in this patient population to improve
care of hypertension patients early in their disease process. Methods used in this study
are designed so that they can be applied to many other patient populations including
those with other chronic diseases such as obesity, coronary artery disease, diabetes,
and peripheral vascular disease.

METHODS AND MATERIALS

Institutional and clinical settings: School of Medicine and Public Health of the
University of Wisconsin-Madison caring from more than 600 thousand patients each
year. UW Health adopted the Epic Systems Corporation electronic health record in the
early 2000s. The data from the Epic system is also stored in an enterprise data
warehouse, which supports the use of electronic health records data for clinical
operations and research. All relevant full-text documents from patients meeting
inclusion criteria were extracted from the UW Health electronic health record. An
overview diagram of this study’s steps is provided in Figure 1 with more details of the

steps and methods following.
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Step 1: Retrieving and Dividing Dataset

Obtain all EHR notes from 14860 adult patients with new hypertension within the UW system from
2008-2011 and divide into NLP process refinement set (training and test sets) and LM retrieval set

Step 2: Creating Lifestyle Modification (LM) Lexicon

[dentify lifestyle modification (LM) terms and phrases of interest from existing ontologies and literature
review to create study lexicon

Step 3: Pre-filtering

Pre-filter notes by note type and department of provider (Figure 3:note types and departments)

NS

Step 4: Parsing and Diagnosis Identification

CcTAKES parsing of notes into sections and sentences and diagnosis filter (see method discussion)

NS

Step 5: Retrieving Lifestyle Modification Concepts

Apply rules and regular expressions to sentences for LM lexicon retrieval

NS

Step 6: Filtering Out LM Terms Negated or Not Related to Patient

Apply rules and regular expressions to sentences with LM terms for removal of LM negated or
attributed to person other than patient

Step 7: Classifying as Advice or Assessment

Apply rules and regular expressions to LM sentences to identify context and classify as advice or
assessment

Step 8: Mapping to SNOMEDCT

Map LM phrases to Concept Unique Identifiers (CUIs) in SNOMEDCT

Figure 1: Overview of study steps

Step 1: Extracting and dividing dataset

Study inclusion and exclusion criteria are detailed in Table 1.3°

Inclusion criteria: (from this retrospective patient population)
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e Adult patients 218 years old “managed” at a UW Health practice between January 01, 2008 and
December 31, 2011. “Managed” is defined as having at least two billable office encounters in an
outpatient, non-urgent care primary care setting, or one primary care encounter and one office

encounter in an urgent care setting (regardless of diagnosis code).

e Adult patients (regardless of gender, race, or ethnicity) meeting criteria for the diagnosis of
hypertension defined as follows by guidelines from the Seventh Report of the Joint National
Committee on the Prevention, Detection, Evaluation and Treatment of High Blood Pressure.3637
Hypertension is defined as:

e >three separate elevated blood pressures within a two year period, measured at least 30
days apart with: systolic = 140 mmHg or diastolic 2 90 mmHg
e or=two elevated blood pressures within a two year period, measured at least 30 days apart

with: systolic = 160 mmHg or diastolic = 100 mmHg

Exclusion criteria:

e Patients pregnant during the retrospective study period were excluded 1 year before, during, and
1 year after pregnancy.

e Patients with a pre-existing diagnosis of hypertension including essential hypertension,
hypertensive heart disease, hypertensive renal disease, hypertensive heart and renal disease,

secondary hypertension, or any anti-hypertensive medication prescription.

e Children under the age of 18 (because we employed guidelines on lifestyle modification for
adults).

e Prisoners (as a vulnerable population) were excluded as IRB approval was not obtained for

inclusion of this population due to their limited freedom to choose lifestyle activities.

Table 1: Inclusion and exclusion criteria

The hypertension diagnosis criteria were based on JNC 7 criteria, reflecting the
guidelines available during the time of the hypertension dataset creation. However,
since this analysis focuses on lifestyle modifications, more recent guidelines including,
JNC 83639 and the 2017 American Heart Association’s guidelines reflect similar lifestyle
modification recommendations. LM concepts reflect all three sources. Blood pressure
measurements were extracted from discrete fields within the EHR. Preexisting

conditions were identified using ICD9 codes. The 14,860 patient dataset was divided
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into a 500 patient NLP tool refinement set and a 14,360 patient lifestyle modification

extraction set (Figure 2).

Records:

Dataset

EHR Dataset
14,860 Patients’

838,522 Notes In

NLP Tool Refinement

500 Patients’ Records
29,425 notes

/\.

/\

Lifestyle Modification
Retrieval
(NLP Tool Used After
Refinement)
14,360 Patients’ Records
809,097 notes

NLP NLP
Tool Training Tool Testing
300 Patients’ Records 200 Patients’ Records
17,882 notes 11,543 notes

Figure 2: Dataset divisions

The subset of patient notes for NLP tool refinement was randomly selected using

Python’s random module: “random sample”. 4941 This subset was comprised of notes

from throughout the outpatient clinical encounter including nursing notes, provider

notes, patient instructions, nutrition consultation, and exercise consultation. The

University of Wisconsin IRB approved this study. Baseline characteristics of the study

population are listed in Table 2 with the 500 patient subset characteristics listed beside

the 14,860 entire data set characteristics.

Baseline Characteristics

Entire Data Set:
14860 Patients

NLP Refinement Subset:
500 Patients

Age (years, mean, median,

standard deviation)

18-80, Mean 49.21, Median

49.00, SD 14.70

18-91, Mean 49.47, Median
50.00, SD 15

Gender

Number of patients
(% of dataset)

Number of patients
(% of dataset)
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Female

7363 (49.55%)

261 (52.20%)

Male

7497 (50.45%)

239 (47.80%)

Race/ethnicity

Number of patients
(% of dataset)

Number of patients
(% of dataset)

African American/Black

703 (4.73%)

24 (4.80%)

Islander/Multiple

Asian 216 (1.45%) 7 (1.40%)
American Indian/Alaska Native 50 (0.34%) 0 (0%)
White 13140 (88.43%) 438 (87.60%)
Hispanic/Latino 281 (1.89%) 13 (2.6%)
Other/Native Hawaiian/Pacific 71 (0.48%) 2 (0.40%)

Unknown

399 (2.69%)

16 (3.20%)

Table 2: Study subjects’ baseline characteristics

Step 2: Creating lifestyle modification (LM) lexicon
An empirical method was used to create and iteratively enrich and refine the lifestyle
modification terminology using four approaches: (1) literature review to identify related

terms, including terms and concepts discussed in JNC 7 and 8; (2) existing ontology

review (terms and their interconnections) to identify relevant terms including acronyms

and abbreviations such as those in the SNOMED CT ontology, the National Center for

Biomedical Ontology and the Consumer Health Vocabulary;*? (3) domain expert
collaboration to identify words, acronyms, abbreviations, and phrases relevant to
hypertension and lifestyle modification; and (4) electronic health record note training.
Identified terms and phrases from this four-fold process generated the initial list of

relevant terms and phrases for extraction (Table 3).




Provider Verb Phrase Terms Requiring
Any Lifestyle Modification Object: Advice

Lifestyle Modification Object Terms (May Be
Part of Provider or Patient Verb Phrase)

advise/d/ing

avoid

begin

change

congratulated

continue

counsel/ed/ing

covered
recommend/recommended
refer/referral

alcohol
cholesterol

diet

dietician
exercise
fat/fats

gym

health club
physical activity
salt

Patient Verb Phrase Terms Requiring Any
Lifestyle Modification Object: Assessment

Declaration of Lifestyle Modification -
Requiring No LM Object: Assessment

changed/changing
continued/continues/continuing
decreased/decreasing
eats/eating
improved/improving
increased/increasing
interested in

motivated to

plans/planning to
reports/reported

alcoholic

tobacco use

change in weight
cigarettes:

cigars:

DASH/dash diet
decreased weight
down ##/pounds/Ib/lbs
healthy diet

physically active

Table 3: Example of terms and phrases in lifestyle modification lexicon
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Our goal was to iteratively extend the NLP tool to have additional capabilities to handle

discourse. Terms and phrases were mapped to codes in the UMLS and semantic types

based on the UMLS semantic net. (Details available upon request as Appendices A and

B).

Step 3: Pre-filtering to identify notes of interest

The total dataset was comprised of 14,860 patients’ EHR notes with an average of 56

notes per patient. Each note was comprised of multiple sentences, some with multiple

concepts of interest (lifestyle modification, family history). Many notes were not relevant
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to lifestyle modification, so pre-filtering for note types and departments likely to have
documented lifestyle modification was performed (Figure 3 shows LM-relevant note
types and departments agreed upon by three study physicians).

We included pediatric departments because NIH defines children as those persons 18-
21 years old and some patients in this age range may continue care in pediatric clinics.
Gynecology was also included as a primary care clinic because many women see

gynecologists as their primary care provider.

Note Type Note Department

e Alcohol Brief Assessment e Cardiology

e Assessment and Plan e Cardio Prevention

e Consult e Cardio Rehab

e Consult Follow-Up e Diabetes

e History and Physical e Family Medicine

e Letter e Gynecology

e Patient Instructions e Health Education

e Progress Note e Internal Medicine
e  Nutrition
e Pediatric Cardiology
e Pediatrics

Figure 3: Note types and departments evaluated

Step 4: Parsing and diagnosis identification

After pre-filtering 14,331 notes were in the NLP tool refinement set and 403,018 notes
were in the LM extraction set. These notes were processed using the Clinical Text
Analysis and Knowledge Extraction System (cTAKES). This is an open-source NLP
pipeline that processes clinical notes and identifies types of clinical named entities —
drugs, diseases/disorders, signs/symptoms, anatomical sites and procedures.*® Each
named entity has attributes for the text span, the ontology mapping code, context (e.qg.,
family history of, current, unrelated to patient), and negated/not negated. Figure 4
shows components of a typical NLP pipeline (with study enhancements to improve

relevant term and phrase identification depicted by the down-arrow boxes). The typical
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process starts with detection of each section of the text and then each sentence,
followed by the identification of sentence tokens (e.g., words, dates, numbers) in the
sentence. A part-of-speech is assigned to tokens (e.g., noun, preposition, noun-phrase).
The Named Entity Recognition component implements a dictionary look-up, so that
each entity is mapped to a concept from the tool dictionary. Post-coordination then

combines multiple concepts into a single one (e.g., DASH + diet).

EHR Notes

egular
HulEs ‘ Expressmns

NLP Output

Notes were further processed using Python code to retrieve notes with diagnoses likely

Figure 4: Augmented cTAKES processing steps

to have LM (e.g., obesity, diabetes — details of diagnosis filter terms available by
request as Appendix C).

Steps 5-8: Extracting LM, filtering out notes with negated or LM terms not related
to patient, and mapping

This study initially tried to use cTAKES as the sole method to identify relevant LM, but

this approach resulted in poor precision (67.15%) and poor recall (62.48%) because:
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1. Searching for semantic types of interest (TUIs) was too broad and extracted many
irrelevant items (e.g., “diet counseling” = TUI TO33 = “Finding”. Many irrelevant
terms are “Findings” such as “sweaty palms” which was pulled as a relevant
extraction when searching based on TUI alone).

2. Using concept unique identifiers (CUIs) was too restrictive due to identifying only a
specific term and inability to identify phrases with LM (e.g., “exercise” = CUI
C0015259. If searching on this CUI, relevant terms such as “swimming” with CUI
C0039003 were missed).

3. Using cTAKES’ extraction and dictionary lookup effectively identified nouns, but
missed verbs and verb phrases of LM documentation (e.g., extracted “diet”, missed

“counseled on diet changes").

Therefore, this study used a combined approach to processing the notes. cTAKES was
used for parsing the notes into sections and sentences, but instead of using the parsed
parts of speech identified by cTAKES for ontology mapping, Python code with regular
expressions and rules was used to process each sentence to identify lifestyle
modification terms and phrases from the created lexicon. This enhanced the natural
language processing workflow to facilitate extraction of data related to lifestyle
modification, including social and behavioral factors that historically have been difficult
to extract and verbs. These data were mapped to corresponding terms and codes within
the SNOMED CT Ontology using the Unified Medical Language System (UMLYS).

For example, a provider recommendation of: “cut down on alcohol intake” was extracted
using the study’s enhanced NLP methods resulting in lifestyle modification advice

extraction: “alcohol consumption counseling” with SNOMED CT CUI = C1531491 and
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TUI = Health Care Activity TO58. Without enhancements to NLP, no match for this
phrase was extracted or mapped by cTAKES to the SNOMED CT ontology.

In order to capture context-sensitive phrases we used semantic and syntactic rules, as
well as regular expressions. Due to many notes containing unusual syntactic
expressions impeding extraction of context sensitive lifestyle modification, existing note
punctuation was modified. Specifically, when a sentence about LM contained a colon
(:), the NLP processor read this as a hard stop and classified concepts after it as
belonging to the next sentence. The colon mark was replaced with a comma to allow
capture of concepts after the colon mark as contextually related to the first phrase. This
improved extraction of the entire lifestyle modification context. For example, prior to
modification, cTAKES identified the negated history of “Patient smoking: no.” as a
positive history of patient tobacco use: “Patient smoking. No.” After modification, the
intended meaning was extracted: “patient history negative for smoking.” Tokenization
per cTAKES was not modified, but cTAKES only identifies nouns and noun phrases and
this study also needed to identify verbs and verb phrases. Therefore, the algorithm
searched the entire sentence using regular expressions for LM object terms and

phrases (Figure 5 and details of LM lexicon available upon request as Appendix A).
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Example sentence: discussed importance of regular aerobic exercise

The regular expression: 'exercis(e |ing|e\\.|ed|e,|e;)' extracts:
‘exercise'

‘exercise,’

‘exercise.'

‘exercising’

‘exercised'

‘exercise;'

Does not extract '‘exercises' as this often referred to particular physical therapy interventions (e.g.,
“doing shoulder strengthening exercises regularly”).

Figure 5: Example of regular expression to capture exercise

Negation identification was performed using negated regular expressions already
employed to extract LM terms and phrases. This approach allowed for more efficient
and thorough negation identification of verbs and verb phrases that were not identified
by cTAKES’ negation module. Attribution of a concept, as pertaining to the patient or
other person for LM terms/phrases and diagnoses, was expanded to include, in addition
to mother and father, grandparents, grandmother, grandfather, roommate, spouse,
husband, wife, son, daughter, partner, roommate, parent, friend, significant other,
coworker, brother, sister, aunt, and uncle. Family history extraction using name of
relation (e.g., mom, sister etc.) within rules and regular expressions, along with mapping
schemes to SNOMED CT, were created specifically for this project. Mapping of terms to
the SNOMED CT hierarchy was restricted to parent and child concepts, and their CUIs,
to reduce granularity and facilitate effective use of this coded data in future machine
learning projects that required less dimensionality. For example, “brother with non-
insulin-dependent diabetes mellitus” was mapped to “FH: diabetes mellitus”, a child of
the parent concept “FH: metabolic disorder”, and not mapped to the grandchild concept
“FH: diabetes mellitus type 2”. This allowed all diabetics to be binned under one code.

Details of family history mapping available upon request as Appendix D.



33

This study also classified lifestyle modification words and phrases as “assessment” and

“advice” as was done in a prior analysis of videotaped encounters involving lifestyle

modification.** Classification as assessment or advice was based on logic rules that

included key words. This allowed for evaluation of LM documentation as either provider

documentation of LM activities that the patient reported (e.g., patient reported

exercising=assessment) or provider documentation of advice that s/he offered to the

patient (e.g. recommended exercise=advice). Matching of LM terms to SNOMED CT

was further refined with specific LM terms and phrases grouped under overarching

concepts such as: exercise education (advice) or exercise history (assessment). Details

of advice/assessment phrases available upon request as Appendix B. This process

continued until performance was close to reproducing the manually coded set of terms

and phrases, and additional modifications to the system minimally altered NLP tool

performance. The training/testing tasks and iterative process details are shown in Table

3.

Annotation Task Total Number of Number of Total Number of Annotators’

Training Notes Iterations Testing Notes Initials

Manually (some batches Manually

Annotated and trained on Annotated and

Used in Training multiple times) Used in Testing

(batch counts)
Diagnosis Filter 1,000 (500 x 2) 500 LG, KS
Family History 1,200 (300 x 4) 4 1,500 EM, KS
Extraction
Family History CUI 1,200 (300 x 4) 4 1,500 EM, KS
Mapping
Lifestyle 1,200 (300 x 4) 12 1,500 EM, KS
Modification

Extraction




34

Lifestyle 1,200 (300 x 4) 4 1,500 EM, KS
Modification CUI
Mapping

Table 3: Annotation task iteration details.

Overfitting was discussed by researchers (KS, EM, YS) after each iteration to determine
if the extracted terms/phrases from that iteration reflected relevant and generalizable
results, or included concepts or terms reflective only of this patient sample. All three
members reached consensus in determining if changes made to the tool were to be
kept or represented overfitting and should not be retained in the tool development
process.

This iterative process resulted in extraction of textual LM documentation and
transformation into coded data ready for future statistical and machine learning

analyses. (Figure 6)
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SENTENCE 1: She has never smoked and drinks 1 alcoholic beverage daily.
Initially identified lifestyle modification relevant concepts:
alcoholic

Desired information:
assessment: nonsmoker
assessment: alcohol use

Information after augmentation of natural language processing steps and cTAKES:
Smoking assessment: C3853073
Assessment of alcohol use: C4076406

SENTENCE 2: Preventive health topics covered, healthy approach to weight loss general issues
around healthy diet importance of regular aerobic exercise.

Initially identified lifestyle modification relevant concepts:

weight

diet

exercise

Desired information:
advice: weight management
advice: diet

advice: exercise

Information after augmentation of natural language processing steps and cTAKES:
Patient advised about weight management: C3697318

Dietary management education, guidance, and counseling: C1828150

Exercise education: C0582396

Figure 6: Example of LM extraction and transformation to coded data

Validation of the extended tool
The augmented NLP process was applied to the testing data set as the manually
annotated gold standard. Dataset divisions and uses are detailed in Figure 7 and Table

3 describes researchers and numbers of notes employed in each test set evaluation.
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EHR Dataset
14,860 Patients’
Records:
838,522 Notes

/\.

LM Retrieval Set
NLP Refinement Set 14,360 Patients’ Records
500 Patients’ Records: After Pre-Filtering for Note
After Pre-Filtering for Note Type and Dept.:
Type and Dept.: 403,018 Notes for LM
14,331 Notes Retrieval and Analysis
NLP Training NLP Testing
300 Patients’ Records: 200 Patients’ Records
8,599 Notes: 5,732 Notes:
1,200/8,599 = 14% 1,500/5,732 = 26%
manually coded and manually coded and
used in trainin used in testing

Figure 7: After pre-filtering for note type and department — data divisions and
uses

Two sets of domain experts were employed to establish validity in each test task. One
team worked on validation of the diagnosis filter and consisted of one clinical data
analyst trained in linguistics and healthcare terminologies and one physician (LG, KS).
The other team consisted of two physicians who worked on validation of the LM
extraction and CUI mapping, and FH extraction and CUI mapping, and LM classification
as assessment or advice (EM, KS). Each validation task used the randomly selected
test set of patients’ records that each team’s members manually abstracted
independently. From these manual abstractions inter-annotator agreements were
calculated using percent agreement and kappa coefficient calculations. Validation of the
enhanced NLP process is reported using precision, recall, and F measurements in
Table 4. For this study, precision is defined as the number of terms correctly extracted

divided by the sum of the number of terms correctly extracted and the number of terms
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incorrectly extracted. Formally this is: Precision = TP / (TP + FP) where TP = true
positive (a term that was correctly extracted) and FP = false positive (a term that was
extracted as relevant but should not have been). Recall is the number of terms correctly
extracted divided by the sum of the number of terms correctly extracted and the number
of terms that should have been extracted but were missed. Formally this is: Recall = TP
/ TP + FN where FN = false negative (a term that was not extracted but should have
been). The F measure is the harmonic mean between precision and recall with F =2 [
(precision x recall) / (precision + recall) ]. In addition to lifestyle modification extraction
and CUI mapping, our process was able to identify attribution and mapping to family
history CUIs, and LM documentation type (i.e., assessment or advice). Success of
classification of LM documentation as advice or assessment was evaluated using
percent of LM terms and phrases correctly. Unit of measure for classification as advice
or assessment was each LM concept (e.g., if a sentence contained two LM concepts
with one being “advised weight loss” and classified correctly and the other being “patient
reports gaining weight” and not correctly classified, then one concept would be counted

as correct and one counted as incorrect classification).

RESULTS

Results from testing the NLP tool refinement process for combined lifestyle modification
extraction were excellent with 99.27% recall and 94.44% precision and an F-Measure
of 96.79%. CUI mapping for lifestyle modification was also very good with phrases
correctly classified as advice or assessment 88.15%. These results, along with the
excellent diagnosis filter testing results and family history extraction and mapping

results are shown in detail in Table 4. Inter-annotator agreement was also excellent with
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initial agreement percentages (range 96.15%-98.59%) and kappa scores (range 0.847-

0.935) (Table 4). In the rare occurrence of reviewers extracting a different number of

terms, the consensus-agreed-upon terms were used as the gold standard to calculate

inter-rater agreement. After consensus discussions, 100% agreement was reached

between annotators for each task.

Measurement: Testing of NLP Tool Refinement

Initial Initial IAA % Correct Correct
NLP Task Recall Precision F-Measure Annotator Kappa Classification CuUl
% (SE, 95% as Advice or Mapping
Agreement Cl) Assessment
Diagnosis (8352
Filter 98.70% 100% 99.35% 97.80% 0 .874-' N/A N/A
Extraction 0.967)
. 0.923
Family (0.044
History 95.24% 81.63% 87.90% 96.15% 0 '838_’ N/A N/A
Extraction 1.000)
. 0.935
Family (0.064
History CUI N/A N/A N/A 97.96% 0 .808-’ N/A 81.63%
Mapping 1.000)
Combined (8322
LM 99.27% 94.44% 96.79% 96.84% 0 '717_’ N/A N/A
Extraction 0.977)
Combined 0.868
LM o (0.092, o o
cul N/A N/A N/A 98.59% 0.687- 88.15% 93.66%
Mapping 1.00)

Table 4: NLP augmentation validation performed on 1,500 manually annotated notes from
the 200-patient testing subset. LM = lifestyle modification, SE = standard error, Cl =

confidence interval, CUl = concept unique identifier, N/A means measurement not

applicable to task.

Each specific type of lifestyle modification extraction recall and precision is detailed in

Table 5. Overall extraction testing results for each type of lifestyle modification were

very good.
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Specific LM Type Recall and Precision
NLP Extraction .. NLP. -
R Recall Precision Extraction Recall Precision
of LM Advice
of LM
Assessment
Combined LM Combined LM . .
Advice 97.82% 97.82% | Assessment | °8:80% 91.21%
Dietary mgmt.
H H 0, 0,
gducatlon, 93.75% 93.75% D!etary 100% 100%
guidance, and history
counseling
Exerci§e 100% 100% Ex.ercise 100% 100%
education history
Patient Weight . .
advised about | 100% 100% ves 100% 96.55%
. finding
weight mgmt.
smoking Smokin 9 9
cessation 100% 100% g 100% 92.31%
. assessment
assistance
Alcohol 100% 100% Alcohol use 87.50% 87.50%
counseling assessment
Drug addiction 100% 100% Drug use 100% 100%
counseling assessment

Table 5: Recall and precision of specific types of LM concepts

Of the 14,360 patients in the LM extraction set, 11,252 patients (78.36%) had notes
documenting lifestyle modification. Each patient had an average of 56 notes in the initial
dataset. From the total 809,097 notes in the LM extraction set (NLP refinement set
removed), after filters and processes described in Figure 1 were applied, 47,838 notes
had at least one documentation of lifestyle modification. Many notes contained more
than one documented LM activity. Specific lifestyle modification activities and their CUIs

are detailed in Table 6 with patient and note counts for each type of LM.
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Lifestyle Modification Advice Concept Unique | Patient | Note
SNOMED CT Concept Identifier Code Counts | Counts
Dietary mgmt. education, guidance, and counseling C1828150 7589 19963
Exercise education C0582396 7349 17829
Patient advised about weight management C3697318 5268 11373
Smoking cessation assistance C1692317 2139 4463
Alcohol consumption counseling C1531491 1701 3053
Drug addiction counseling C0199403 81 106
Lifestyle Modification Assessment Concept Unique | Patient | Note
SNOMED CT Concept Identifier Code Counts | Counts
Dietary history C042501 3949 7552
Exercise history C1287528 5912 12526
Weight finding C1265588 5358 15749
Smoking assessment C3853073 4719 10647
Assessment of alcohol use C4076406 4928 10712
Assessment of drug use C4075408 915 1544

Table 6: Lifestyle modifications, concept unique identifiers (CUIs), & extraction counts

For advice, diet and exercise advice were most documented. For assessment, exercise

and weight assessments were most documented. Counts for advice on exercise were

greater than counts for assessment, suggesting that providers are offering advice on

exercise regardless of patients’ current exercise status. Counts for drug abuse

counseling and assessment were low. This was a hypertension population and drug use

assessment and counseling is not a recommended lifestyle modification intervention for

hypertension. Drug abuse assessment and counseling were included in the design of

this NLP tool enhancement for comprehensiveness and facilitation of future training and

testing in populations with higher numbers of drug abuse assessment and counseling.
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Outcome

Our modified process using an augmented open-source natural language processing
tool was successful in identifying lifestyle modification documentation in electronic
health records of hypertension patients at an academic medical center. Given the
importance of lifestyle modification interventions for multiple medical issues, this is an
important and innovative step in care transparency for future comparative effectiveness
studies, outcome analyses, and efforts in care improvement. To date, most studies
evaluating lifestyle modification as a medical treatment rely on surveys and self-reports
which are inherently vulnerable to reporting and recall bias.*>#6 With increasing
emphasis placed on the need for LM to treat multiple chronic diseases, our study offers
more objective and comprehensive measurement of LM care delivery via EHR analysis
than previous studies. It is encouraging that 78% of patients in this study had LM
addressed at least once during the study period, but there is room for improvement in
how often LM is addressed with each patient. The percentage of notes containing LM
was low at 5.9%, suggesting that although providers are addressing LM with many
patients, providers are not repeatedly reviewing LM with patients despite the need for
behavior modification for treatment of many diseases. As more efforts are made to
improve lifestyle modification interventions, our study has shown that LM documentation
can be automatically extracted from EHRS, thus offering increased identification of
actual use of lifestyle modification in the care of hypertension and multiple chronic

disorders in the future (Figure 8).4’
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Figure 8: Future related research

Challenges and Limitations

Limitations of this study included the secondary use of EHR data which can present

data quality issues (e.g., missing data, reporting bias, recording bias). Caveats and
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challenges in secondary use of EHR data have been well documented.*®-51 One model

of data quality defined completeness as, “the extent to which data are of sufficient
breadth, depth, and scope for the task at hand.”®? This study’s ability to accurately

retrieve and classify LM from this EHR data set confirms that this data set is sufficient

for this task. A second challenge was this study’s use of an open source NLP tool with

requirements for customization. Initial lifestyle modification data extraction attempts

using only cTAKES were unsuccessful with poor recall and precision but, after iterative

development, the final testing results were successful in LM extraction and classification

as assessment or advice. This study overcame a key challenge in NLP evaluation of

care delivery: the inability to retrieve verbs and verb phrases. cTAKES alone could not

accurately identify verbs, verb phrases, or verb-tense-specific classification of a term as

advice or assessment. For example, “patient started walking” is assessment and
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documentation of a patient reported LM. This is different from “recommended patient
start walking 30 minutes per day” which is provider LM advice. cTAKES alone could not
retrieve or distinguish these two different concepts, but using a combination of regular
expressions, rules and key words, these critical concepts centered on verb phrases
were accurately extracted and classified. However, inherent limitations in
generalizability and scalability are present with this current approach.

Future Development

Future research will attempt to improve and augment cTAKES and its dictionary to
extract and map verb phrases directly. This approach will minimize use of rules and
regular expressions and make this work more generalizable and scalable. We also plan
to extend lifestyle modification mapping to ICD10 and other dictionaries of interest. This
work will be made available to researchers in related medical areas that use LM as a
treatment and could be used to support evaluation of current and future initiatives such
as “Exercise Is Medicine” and “Healthy People 2030”.53%5 Another area for future
development could be the assessment of quality of counseling for lifestyle modification
with a more granular extraction of lifestyle modification concepts and counseling details

to better understand best practices.>®

CONCLUSION

This study successfully extracted lifestyle modification documentation from EHR notes
and its methods and future planned expansion of these methods could be used in
studies involving multiple chronic medical conditions. This is an important step in better
understanding and quantifying the use of lifestyle modification as a prevention and

treatment modality for many disorders. This information can be used in future outcome
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and comparative effectiveness research and inform metric development for lifestyle
modification documentation and counseling. The automatic identification and mapping
of terms, especially verbs, related to care delivery is a major innovation that can allow
further evaluation and improvement in care delivery models and treatment approaches
to multiple chronic ilinesses.
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Abstract

The Gap: Just under half of the 85.7 million US adults with hypertension have
uncontrolled blood pressure resulting in increased risks of death, stroke, heart failure,
and myocardial infarction. Guidelines on hypertension management include lifestyle
modification such as diet and exercise. In order to improve hypertension control, it is
important to identify determinants of lifestyle modification assessment or advice to tailor
future interventions.

Methods: Electronic health record data from 14,360 adult hypertension patients at an
academic medical center were analyzed using statistical and machine learning methods
to identify determinants and timing of lifestyle modification.

Results: Multiple variables were statistically significant in analysis of lifestyle
modification documentation at multiple time points. Logistic regression was the best
machine learning method to classify lifestyle modification documentation at any time
and at < 3 months with AUROC values of 0.813 and 0.685 respectively.

Conclusion: Analyzing narrative and coded data from EHRs can improve
understanding of timing of lifestyle modification and patient, clinic and provider
characteristics that are correlated with or predictive of documentation of lifestyle

modification for hypertension.
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INTRODUCTION

Rightly deemed the “silent killer”, hypertension is associated with markedly increased
risks for death, stroke, coronary artery disease, and kidney failure.* An estimated 85.7
million adults in the United States have hypertension with 46% lacking adequate blood
pressure control, even based on the prior hypertension diagnosis guidelines of 2140/90
mmHg.? This inadequate control is present despite established evidence-based
guidelines to achieve hypertension control.®” According to these guidelines, as first-line
therapy, all adult hypertensive patients should maximize lifestyle modification
interventions which include: weight reduction to achieve a healthy body weight; a
“Dietary Approaches to Stop Hypertension diet” which is high in fruits, vegetables and
low in fat and sodium; regular aerobic exercise; moderation of alcohol consumption; and
smoking cessation.>*

The 2015 Global Burden of Disease Study highlighted the need for lifestyle modification
when it identified the top five US health risks as: dietary risks, smoking, high blood
pressure, high body mass index and physical inactivity.® Further evidence from this
ongoing study brought to light the increasing prevalence, morbidity and mortality of
hypertension worldwide.%°

Multiple studies have shown lifestyle modification to be as effective as single-drug
therapy in achieving hypertension control with documented systolic blood pressure
reductions of 2-20 mmHg.* Further research on how providers can help patients adopt
diet and physical activity recommendations was called for in the 2013 American Heart
Association/American College of Cardiology guideline.® To evaluate lifestyle

modification assessment or advice, several prior studies have used survey data, with
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potential bias concerns, or small numbers of recorded patient encounters, with potential
lack of generalizability and power. Lack of objective large-scale evidence of use of
lifestyle modification is partly due to these data being buried in narrative data within
clinical notes. This study works toward filling the knowledge gap of how to better treat
hypertension by identifying patient, provider, and clinic characteristics that correlate with
documentation of lifestyle modification in the electronic health record. To our
knowledge, this work is the first to evaluate lifestyle modification for hypertension in a
large population using automated methods. In a prior paper we report on our success in
extraction of these data from electronic health record (EHR) notes using natural
language processing.!!

It is encouraging to note that even brief interventions for lifestyle modification can
improve patient motivation, confidence, and success in implementing lifestyle
changes.'?>® Studies of visits where lifestyle modification is addressed show improved
visit satisfaction for both the patient and provider, which may prompt continued
discussions and success in lifestyle modification adoption.'® Also, information from this
study can help elucidate where more concentrated efforts or resources could provide
the greatest increase in hypertension control through improved lifestyle modification
adoption.

METHODS AND MATERIALS

Institutional and clinical settings: UW Health is the academic health system for the
School of Medicine and Public Health of the University of Wisconsin-Madison caring
from more than 600 thousand patients each year. UW Health adopted the Epic Systems

Corporation electronic health record in the early 2000s. The data from the Epic system
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is also stored in an enterprise data warehouse, which supports the use of electronic
health records data for clinical operations and research. All relevant full-text documents
from patients meeting inclusion criteria were extracted from the UW Health systems.

Study inclusion and exclusion criteria are detailed in Table 1.7

Inclusion criteria: (from this retrospective patient population)

e Adult patients 218 years old “managed” at a UW Health practice between January 01, 2008 and
December 31, 2011. “Managed” is defined as having at least two billable office encounters in an
outpatient, non-urgent care primary care setting, or one primary care encounter and one office

encounter in an urgent care setting (regardless of diagnosis code).

e Adult patients (regardless of gender, race, or ethnicity) meeting criteria for the diagnosis of
hypertension defined as follows by guidelines from the Seventh Report of the Joint National
Committee on the Prevention, Detection, Evaluation and Treatment of High Blood Pressure,
which were the active guidelines during this study.®# Hypertension is defined as:

e >three separate elevated blood pressures within a two year period, measured at least 30
days apart with: systolic = 140 mmHg or diastolic = 90 mmHg
e Or=two elevated blood pressures within a two year period, measured at least 30 days apart

with: systolic =2 160 mmHg or diastolic = 100 mmHg

Exclusion criteria:

e Patients pregnant during the retrospective study period were excluded 1 year before, during, and
1 year after pregnancy.

e Patients with a pre-existing diagnosis of hypertension including essential hypertension,
hypertensive heart disease, hypertensive renal disease, hypertensive heart and renal disease,

secondary hypertension, or any anti-hypertensive medication prescription.

e Children under the age of 18 (because we employed guidelines on lifestyle modification for
adults).

e Prisoners (as a vulnerable population) were excluded as IRB approval was not obtained for
inclusion of this population due to their limited freedom to choose lifestyle activities.

Table 1: Inclusion and exclusion criteria

As noted in Table 1, patients with incident (new) hypertension were the target
population. These patients met criteria for hypertension, but at the start of the study did
not yet have a diagnosis of hypertension. Hypertension diagnosis criteria were based on

JNC 7 criteria, reflecting the guidelines available during the time of the hypertension
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dataset creation.* Although more recent guidelines, JNC 8 and the 2017 American

Heart Association’s, are now available, they contain similar lifestyle modification

recommendations as JNC 7.318

Data were obtained from notes throughout the outpatient clinical encounter including

nursing notes, provider notes, patient instructions, nutrition consultation, and exercise

consultation. The division of the data set for analysis is illustrated in Figure 1. The

University of Wisconsin IRB approved this study.

14,360 Patients

EHR Dataset | | Administrative Dataset

14,360 Patients

\/

Combined EHR + Administrative
Dataset
14,360 Patients

14,360 Patients

Single Variable Analysis Dataset

Machine Learning Dataset
14,360 Patients

Machine Learning
Training Set
12,860 Patients

Machine Learning
Testing Set
1,500 Patients

Figure 1. Division of the data set for analysis

Baseline characteristics of the study population are listed in Table 2 with the

characteristics of the 1500 patients in the test subset listed beside the 12,860 patients in

the machine learning training set.

Baseline Characteristics

Training Data Set: 12,860 Patients

Test Subset: 1,500 Patients
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Age (years, mean, median,
standard deviation)

18-97, Mean 49.18, Median 49.00, SD
14.68

18-93, Mean 49.38, Median
49.00, SD 14.63

Gender
Female 6369 (49.5%) 733 (48.9%)
Male 6491 (50.5%) 767 (51.1%)

Racel/ethnicity

African American/Black 607 (4.7%) 72 (4.8%)
Asian 190 (1.5%) 19 (1.3%)
American Indian/Alaska Native | 44 (0.3%) 6 (0.4%)
White 11372 (88.4%) 1330 (88.7%)
Hispanic/Latino 240 (1.9%) 28 (1.9%)
Other/Native Hawaiian/Pacific 3 (0.2%)
Islander/Multiple 06 (0.5%)

Unknown 341 (2.7%) 42 (2.8%)

Table 2: Study subjects’ baseline characteristics

Data Source: Previously coded data (e.g., diagnosis codes) and newly coded data

(e.g., output from the NLP system - “father with early MI” = FH-C0455404), along with

administrative data on provider and clinic characteristics, were combined for each of the

14,360 patients. These data were used to represent each patient as a vector of

characteristics (e.g., comorbid conditions such as diabetes, age, gender, and family risk

factors, care received from a primary care doctor, or care received at an urgent care

clinic). Data were linked and de-identified for analysis (16 of the 18 HIPAA identifiers

removed to create a Limited Data Set).

Class Variables: “Class variables” were used as in chi-square analysis and in building

models in machine learning. The main class variables were:

1. Documentation of lifestyle modification counseling anytime (yes/no)

2. Time to documentation of lifestyle modification from time patient meets criteria for

hypertension (e.g., £ 3 mos., >3 mos. — < 6 mos., > 6 mos. — <12 mos., > 12 mos.)
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Explanatory Variables as Patient Characteristics: Patient-related factors included
sociodemographics (age, sex, marital status, Medicaid use during baseline or study
period, primary spoken language); behavioral risk factors (baseline tobacco use and
body mass index at time of meeting hypertension criteria); and comorbidities. Blood
pressure measurements were extracted from structured fields within the EHR.
Preexisting conditions were identified using ICD9 codes. Family history diagnoses were
extracted using both ICD9 codes and natural language processing, with the natural
language processing variables more comprehensive for use in the machine learning
tasks.

Measures of utilization included the number of baseline primary care, specialty, and
urgent care visits. Primary care visits were divided into two categories: “Primary Care”
(comprised of Family Medicine, Internal Medicine, and Pediatrics visits) and a combined
category, “Other” for lower prevalence specialties (Obstetrics/Gynecology, Geriatrics).
Patients were assigned to the primary care provider they saw most frequently in
outpatient face-to-face Evaluation & Management visits, as reported in professional
service claims.® Provider characteristics from the administrative database were used as
potential explanatory variables. Provider characteristics included provider age, provider
gender, and provider specialty.

The variables used in this model were identified using an iterative approach including
literature review, clinical domain knowledge, and data from the electronic health record
(the top 10 most frequent diagnosis codes within this dataset). Few variables had
missing data with the exception of “Provider Age” (58% values missing) and BMI (8.9%

values missing). Individual variables were tested for association with the class variables
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using chi square analysis. For chi square analysis of each variable, only subjects with

data present for these variables were evaluated. For machine learning analysis, a

separate variable value of “NA” was created to replace the missing values. Only three

other variables had missing data— each less than 1%. These variables’ missing values

were imputed using the mode value.

Some variables were combined using Boolean logic and if/then expressions. These

combinations were performed to decrease dimensionality of the data in order to improve

strength of association with a higher level diagnosis (e.g., all diabetes) compared to

potentially weaker correlations when multiple lower level diagnoses (e.g. diabetes

mellitus type 1 and diabetes mellitus type 2) were analyzed separately. Combined

variables and their component variables are listed in Table 3.

Combined Variable Name and ICD9 or UMLS
Concept Unique Identifier Codes

Component Variable Names and ICD9 or UMLS
Concept Unique Identifier Codes

Alcohol Abuse-Dependence Combined, 303C

305-305.04 Alcohol abuse
303X Alcohol dependence syndrome

Cerebrovascular Disease Combined, 430C

430-439 Cerebrovascular disease
V12.54 History of transient ischemic attack
V12.5x History of disease of the circulatory system

Depression Combined, 311C

311 Depression
296.2x Major depressive disorder single episode
296.3x Major depressive disorder recurrent

Glucose Issue: Abnormal glucose without
Diabetes Mellitus, 790.R

Evaluated in relation to 250x (if both diagnoses
present for one patient, counted only as diabetes
mellitus; if only 790.2x present, counted as 790R
(revised)

Glucose Issue: Diabetes Mellitus Combined —
250C

250x Diabetes mellitus
249x Secondary diabetes mellitus

Heart disease Combined, 420C

410-414x Ischemic heart disease
420x-427x Other forms of heart disease
428x Heart failure

Long Term Use of Medications Combined, V58C

V58.66 Long term use of aspirin
V58.69 Long term use of meds NEC

Menopause Combined, 256.31C

256.31-256.391 Menopause
627.8-627.91 Menopause disorder NEC
256.2 Post-ablative ovarian failure

Rheumatology Disorder Combined, 714C

714.0-714.91 Rheumatoid arthritis and other
inflammatory disorders
710 Systemic lupus erythematosus
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Combined Variable Name and ICD9 or UMLS Component Variable Names and ICD9 or UMLS

Concept Unique Identifier Codes Concept Unique Identifier Codes
695.4 Lupus
Tobacco Abuse Combined, 305.1C 305.1 Tobacco use disorder
V15.82 History of tobacco use
Family History of Cardiovascular Disease C0455405 Family history of hypertension
Combined, C0455404 C0455407 Family history of aneurysm of artery or

atherosclerosis

C1261367 Family history of stroke

C0559128 Family history of cardiac disorder
C0475701 Family history of transient ischemic

attack
Family History of Metabolic Disorder Combined, C0455367 Family history of metabolic disorder
C0455367C C0455369 Family history of raised lipids

C1445950 Family history of polycystic ovaries
C1313937 Family history of diabetes mellitus
C2317125 Family history of impaired glucose
tolerance

Table 3. Combined variables defined and their components

Individual Variable Analysis: This study evaluated each patient, clinic, and provider
characteristic in relation to class variables using chi-square tests. Strength of
significance of a characteristic on predicting class variables was assessed with p-
values. P-values of <0.05 were considered significant. Multiple comparisons were
corrected using the Bonferroni method.

Machine Learning Analysis: Machine learning is an automated approach to data
analysis wherein statistical and algorithmic methods are used to build models to classify
or predict an output variable using input variables and patterns learned from the data
while requiring minimal explicit human instruction in model generation. This study used
machine learning methods to determine if combinations of patient, clinic, and provider
variables were more predictive of the class variable values than the individual variables
alone. Machine learning methods have been applied to a variety of medical problems to
find and model new patterns or correlations within existing data.?’-?® These models can

provide insight into factors that explain the class variable and can be applied to
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previously unseen patients to predict their class values. In this study, the input data
consisted of patient, clinic, and provider variables and the machine learning methods
attempted to identify functions of the given characteristics that were strongly predictive
of: (1) receipt of lifestyle modification and (2) receipt of lifestyle modification at the
specific time periods listed earlier (< 3 mos., >3 mos. - < 6 mos., > 6 mos. — < 12 mos.,
> 12 mos.).

Models learned by each algorithm were validated using the training data to determine
the algorithm with the best classification accuracy. Once the algorithm with the most
accuracy was determined, it was used in classifying the test data and its performance is
reported below.

Validation using the training data employed a 10-fold cross validation method on the
training set of 12,860 patients’ data. This required the patient training set to be divided
into 10 separate partitions (using the entire data set each time) with 90% of each
version used for training and 10% used for validation. Thus, at the end of this validation,
all of the 12,860 patients were sequentially used in training and validation sets. (See
Figure 1 for a graphical representation of data use). Accuracy was measured by area
under the receiver operating characteristic curve (AUROC) with 95% confidence
intervals. Machine learning methods (classifiers) used to create the models are

explained in Figure 2.
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A learned model is a rule that assigns the majority class value to each new instance based on
the training data

The learning algorithm infers a model by predicting the majority class (mode class value) for
each instance.

The model classifies new instances as having the majority class value.

Provides a baseline understanding of almost random prediction based solely on the most

frequent class value in the dataset

Logistic regression.

In a learned model a patient is represented as a vector of variables corresponding to a point in
the hypothesis space of all clinic, patient and provider variables.

The learning algorithm infers a model by transforming the input variables using the logistic
function to the output variable. The output variable is a probability between 0 and 1. The
coefficient for each variable is determined from the data to most accurately reproduce each
patient’s class in the training set.

Class assignment is determined by applying a threshold value to the weighted sum of the
variables for each patient. This value separates new instances into membership into one of the

identified classes (e.g., LM Documentation < 3 months yes or no)

Decision tree learner 98

A learned model is represented as an upside down tree with the “root” (at the top) containing all
the data with a mixture of class variable values down to the “leaves” which contain data with
only one (ideal) or a few (acceptable) class variable values
O Looking at the tree, an observer can determine which characteristics (or combination of
characteristics) is/are predictive (found in the branch path) leading out to the particular
class variable value at the end of the branching (a leaf)
A learning algorithm lIteratively splits the training set on input variable values, into subsets with
purer collections of data based on the targeted class with the goal being to decrease
heterogeneity in each subsequent subset.
The model classifies new instances using the variables to split the data as per the training set
to achieve a tree with pure leaves which contain instances of a single (or mostly single) class

value.

Random Forests®9.70

A learned model is represented as a collection of decision trees from repeated resampling of

the data to achieve the most homogenous leaves (classes) at the end of the branches
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e The learning algorithm infers a model as in decision trees, but assigns the majority class of the
many trees that were created for a given instance.
e Classification is done with assignment of the majority class value from all the tree models to a

new nominal instance.

Figure 2. Machine learning method descriptions

Models were learned and evaluated using different subsets of variables including all
variables (excluding redundant variables), the ten most frequent diagnosis variables
from the EHR data extraction, only ICD9 variables, only NLP-extracted variables, only
demographic + administrative variables, and combinations of each subset. Looking at all
variables in a single dataset and using WEKA's attribute selector provided models with
the highest predictive accuracy.

Evaluation of the model prediction accuracy included:

e % Correct (with mean absolute error) — the number of instances identified with the
correct class value

e AUROC - Area under the receiver operating characteristic curve — the area under
the curve formed by plotting the false positive rate (x axis) against the true positive
rate (y axis)

e Recall (sensitivity) — the number of true positives identified by the model divided by
the total number of true positives in the sample

e Precision (positive predictive value) — the number of true positives identified by the
model divided by the number of all positives identified by the model

e F-measure — the harmonic mean of precision and recall:

0 2 x (precision x recall) + (precision + recall)
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Comparisons of model accuracy were performed to identify whether machine learning
could produce a classifier that was significantly better than chance, and whether one

machine learning method significantly outperformed others. After determining the best
machine learning method in predicting the correct class given a new patient record, its

performance was tested on the held-aside test set of 1,500 patients’ records.

Results

Counts of lifestyle modification in the dataset, divided by training and test sets, are listed
in Table 4. In both the training and test sets almost 78% of patients had lifestyle
modification documentation. The highest percentage of first documented lifestyle
modification was within three months after the patient met criteria for hypertension.

Overall, 22% of patients had no documented lifestyle modification within this study time

period.
Training Set Test Set

Time to First Lifestyle Modification Documentation Ves % Ves %

Yes Yes
< 3 months of meeting hypertension definition 6996 | 54.40 | 815 | 54.33
> 3 - < 6 months of meeting hypertension criteria 641 4.98 73 4.87
> 6 - < 12 months of meeting hypertension criteria 861 6.70 104 6.93
>12 months of meeting hypertension criteria 1586 | 12.33 | 176 | 11.73
Documented lifestyle modification any time 10084 | 78.41 | 1168 | 77.87

Table 4. Counts of lifestyle modification documentation at time periods after meeting
hypertension criteria
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Independent variables with p-values are shown in Table 5. Multiple variables were

statistically significant with p-values <0.05 (bolded), especially in the time periods of < 3

month and “documented any time”.

Chi Square Analysis Results

Lifestyle Modification by Time from Hypertension Onset

Variable Type (bold) & Bonferroni-Corrected P-Values By Time Period (Months) of First LM
Names

<3 |>3to<6 |[>6to<12 | >12 | Any Time
Demographic Variables
Age (< 40, = 40 years old) <0.01 0.22 0.08 <0.01 <0.01
Gender (Female, Male) 0.01 0.16 0.99 0.36 <0.01
Language (English, Other) <0.01 0.71 0.21 <0.01 <0.01
Marital Status 0.46 1.00 0.76 <0.01 <0.01
(Married/Partner, Other)
Medicaid (Yes, No) 0.19 0.99 0.97 0.40 0.39
Race (Black, White, Other) 0.15 0.57 0.08 0.14 0.33
Clinic and Provider Variables
Provider Age (< 40, =40 <0.01 <0.01 <0.01 <0.01 0.03
years)
Provider Gender (Female, <0.01 0.75 0.49 <0.01 <0.01
Male)
Provider Specialty (Primary <0.01 0.75 1.00 <0.01 <0.01
Care, Other)
Visits, Primary Care (< 3,23 | 0.02 0.25 0.05 0.06 <0.01
Visits)
Visits, Specialty Care (< 3, 2 <0.01 0.63 0.66 0.01 <0.01
3 visits)
Visits, Urgent Care <0.01 <0.01 0.21 0.01 <0.01
Existing Coded and Discrete Data Variables
Anemia 280-286 <0.01 1.00 0.78 0.82 <0.01
Anxiety 300.0 — 300.91 0.07 0.55 0.88 0.28 <0.01
BMI (< 25 kg/m2, = 25 <0.01 0.09 0.70 0.10 <0.01
kg/m2)**
Chronic Kidney Disease — 0.86 0.59 0.89 0.01 0.01
585x
Disease of arteries, arterioles, | 0.68 0.68 0.08 0.64 0.07
and capillaries — 440 — 450
Dysmetabolic Syndrome — 0.03 0.24 0.77 0.35 <0.01
277.7
Family History of 0.20 0.38 0.54 0.64 <0.01
Cardiovascular Disease —
V17.49
Family History of Ischemic <0.01 0.67 0.79 0.68 <0.01
Heart Disease — V17.3
Family History of Stroke — 0.48 0.20 0.20 0.77 0.03
V17.1
Family History of Sudden 0.31 1.00 1.00 0.77 1.00
Cardiac Death —V17.41
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Hyperlipidemia — 272.4* <0.01 0.11 0.19 0.47 <0.01
Hypertension NOS — 401.9* <0.01 <0.01 0.05 0.01 <0.01
Hypertensive Disease— 401 - | <0.01 <0.01 0.06 <0.01 <0.01
406

Lipoid Metabolism Disorders <0.01 0.14 0.20 0.31 <0.01
— 272X

Lumbago — 724.2* <0.01 0.03 0.34 0.18 <0.01
Migraines 346.0 — 346.931 0.54 0.24 0.73 0.51 0.70
Sleep Apnea — 327.2x <0.01 0.11 0.50 0.57 <0.01
Stress — 308.0 — 308.91 0.34 0.80 0.81 0.41 0.76
Obstructive Sleep Apnea — <0.01 0.10 0.87 0.64 <0.01
327.3*

Osteoporosis — 733x 0.72 0.71 0.17 0.34 <0.01
Overweight, obesity, other <0.01 <0.01 0.95 <0.01 <0.01
hyperalimentation — 278 —

278.03

Physical Therapy — V57.1* <0.01 0.25 0.74 0.61 <0.01
Polycystic Ovaries — 256.4 <0.01 0.55 0.58 0.07 0.01
Post-procedural State — 0.02 0.29 0.40 0.24 <0.01
V45.89

Routine Medical Exam — <0.01 0.80 0.02 0.01 <0.01
V70.0*

Combined Variables

Alcohol Abuse-Dependence <0.01 0.63 0.92 0.89 <0.01
Combined — 303C

Cerebrovascular Disease in 0.53 0.33 0.62 0.12 <0.01
Patient — 430C

Depression Combined —311C | <0.01 0.47 0.21 0.42 <0.01
Glucose Issue: Abnormal <0.01 0.64 0.41 0.43 <0.01
glucose without Diabetes

Mellitus — 790.2R

Glucose Issue: Diabetes <0.01 0.10 1.00 0.54 <0.01
Mellitus Combined — 250C

Heart Disease Combined - 0.46 0.06 0.15 <0.01 <0.01
420C

Long term use of any <0.01 0.33 0.84 0.19 <0.01
medication - V58C*

Menopause Combined - 0.01 0.50 1.00 0.24 0.23
256.3C

Rheumatology Disorder 0.58 0.54 0.59 0.01 0.57
Combined - 714C

Tobacco Abuse Combined <0.01 0.53 0.65 0.76 <0.01
305.1C

Family History

NLP Extracted Data: Transformed to Coded Variables

Family History of Alcohol 0.81 0.56 0.79 0.81 0.79
Abuse/Dependence

C2911218 — NLP Extracted

Family History of 0.54 0.58 0.39 1.00 <0.01
Cardiovascular Disease

C0455404 — NLP Extracted

Family History Metabolic 0.01 0.14 1.00 0.15 <0.01

Disorder - C0455367 — NLP
Extracted




66

Family History of Obesity 0.26 0.30
C0455373 — NLP Extracted

<0.01

0.54

1.00

Table 5. Bonferroni-corrected P-values of individual variable analysis using time to first
documented lifestyle modification. P-value of <0.05 is statistically significant and bolded.

Machine Learning Results

On both the training and the test sets, only two time periods had models that had

predictive accuracy better than baseline prediction using the mode (most frequent class

value) as the predicted value for all patients. Those two time periods with classifier

results from the test set are listed in Table 6. Variables included in each model are listed

in the table and were chosen using WEKA's attribute (variable) selector (CFS, Best First

Search).?*?> Note the improved AUROC on each of these models compared to the Zero

R classifier (mode predictor).




Class = Documented Lifestyle Modification Any Time
Classifier % Correct
AUROC Recall Precision F-Measure
(MAE)
Baseline Model 77.87 (0.34) 0.497 0.779 0.606 0.682
(Weka’s Zero R)
Random Forest 81.33 (0.25) 0.831 0.813 0.797 0.801

Variables in model: language, BMI, provider specialty, lipoid metabolism disorders, FH alcohol

abuse and dependence, FH obesity, FH metabolic disorder, FH cardiovascular disease

Class = £ 3 months
Classifier % Correct B
AUROC Recall Precision F-Measure
(MAE)
Baseline Model 54.33 (0.50) 0.497 0.543 0.295 0.383
(Weka's Zero R)
Logistic 65.73 (0.44) 0.685 0.657 0.657 0.657
Regression

Variables in model: BMI, urgent care visits, provider age, provider specialty, FH alcohol

abuse/dependence, FH metabolic disorder, FH cardiovascular disease
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Table 6. Significant machine learning model results on test set. FH = family history, MAE
= Mean Absolute Error, BMI = body mass index

Coefficients for Variables in Logistic Regression

Class = Documented £ 3 months — AUROC = 0.685

BMI = NA -0.45
BMI =< 25 -0.12
Urgent_Care_Visits = 2 3 visits -0.14
Provider_Age = NA -0.2

Provider_Age =240 years 0.17
Provider_Age = <40 years -0.05
PVD_Specialty = other (not primary care) -0.26
Family history of alcohol abuse =Y 0.34
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Family history of metabolic disorder =Y 0.27
Family history of cardiovascular disease = NM (not mentioned) -0.47
Coefficients for Variables in Logistic Regression
Class = Documented Anytime — AUROC = 0.821
Language = other (not English) -0.22
BMI =225 0.49
BMI = NA (not available) -0.11
BMI =< 25 0.03
Provider specialty = other (not primary care) -0.27
Lipoid disorder =Y 0.26
Family history of alcohol abuse = NM (not mentioned) -1.43
Family history of alcohol abuse = N 1.01
Family history of obesity = NM (not mentioned) -3.26
Family history of metabolic disorder =Y 0.44
Family history of metabolic disorder = NM (not mentioned) -0.56
Family history of metabolic disorder = N -0.04
Family history of cardiovascular disease =Y 0.01
Family history of cardiovascular disease = NM (not mentioned) -0.94
Family history of cardiovascular disease = N -0.03
DISCUSSION

Lifestyle modification documentation was identified in 78.41% of this population.
However, lifestyle modification is recommended for all patients with hypertension, so the

expectation would be to have nearly 100% lifestyle modification documentation. First
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documentation of lifestyle modification was most often identified in the first three months
of a patient reaching criteria for hypertension. This is encouraging and consistent with
guideline recommendations for lifestyle modification as first-line treatment of
hypertension.

Multiple variables had statistically significant associations with lifestyle modification
documentation especially for evaluation of the documentation time period any time and
< 3 months. The variables present in both predictive models of the two classes listed
above were BMI, provider specialty, family history of alcohol abuse/dependence, family
history of metabolic disorder, and family history of cardiovascular disease. These
variables’ direction of correlation with the classes is consistent with clinical practice.
Specifically related to these models, the presence of a higher BMI, lipoid disorder, and
family history of alcohol abuse, obesity, diabetes (metabolic disorder), and/or
cardiovascular disease often result in providers assessing lifestyle modification and
advising on lifestyle changes. Additionally, language other than the primary language of
the provider can be a barrier (negatively correlated) with lifestyle modification
documentation or delivery.

Other time period models were not much better than “guessing” using the baseline Zero
R classifier. The best two time period results had some improvement in the % correctly
classified, but the most improvement was in the AUROC showing improved accuracy of
predicting the true positives with a reasonable avoidance of false positives (AUROC =
0.831 for any time with random forest and 0.685 for < 3 months with logistic regression).
In an effort to improve predictive capability future analysis may benefit from: (1)

identifying even more variables that could add to the prediction accuracy, (2) studying
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an even larger patient population, or (3) overlapping time periods to account for the
possibility that there may exist no distinguishing features to predict LM documentation at
< 3 months versus 3-6 months. Explanations for variability in hypertension treatment
have been offered in prior studies showing that multiple factors influence whether
providers address lifestyle modification. One factor is provider beliefs surrounding
lifestyle modification which may include: (1) personal knowledge and comfort with
lifestyle modification assessment and counseling, (2) professional and patient
expectations of lifestyle modification counseling, (3) perceived effectiveness of lifestyle
modification counseling or referrals for interventions, (4) perceived patient motivation for
implementing lifestyle changes, and (5) constraints impeding lifestyle modification
interventions (e.g., time, cost, availability of community resources, and practice
resources to facilitate ongoing lifestyle changes).?®?° Another factor may be a provider's
personal health habits, as provider exercise and nonsmoking status correlated with
increased lifestyle modification counseling.3°

This study found patient demographics, comorbidities, family history, and care details
were overall weak predictors of lifestyle modification documentation in machine learning
models. Regarding comorbidities, this finding was not consistent with some survey-
based studies identifying a specific patient comorbidity (e.g. CVD) as being predictive of
more lifestyle modification interventions.3!-34 This study’s inability to find a pattern may
reflect biases in the data, which may be bias in the EHR data not accurately reflecting
what was done at a visit, bias in the survey data due to incomplete or selective recall, or
a combination of both resulting in the inconsistency across studies. Prior studies have

identified lifestyle modification counseling frequency of 40% in videotaped encounters,
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84-90% in survey-based analysis, and 55% in manual review of EHR data.3135-37
Lifestyle modification documentation was identified in 78% of patients in this study,
which is within the range identified in prior studies. However, this study focused on
patients with incident (non-diagnosed) hypertension at the beginning of the study. More
participants in this study were younger and may have had fewer concomitant chronic
illnesses than in the survey studies, which may have resulted in these comorbidities not
being significant in the models. Race was also non-predictive in our models. This is
likely due to this predominantly white sample population (88%) having too few
participants of other races to be informative in the models. Another potential reason for
poor performance of the machine learning models may be that informative variables
such as patient complexity, provider practice patterns for other chronic illnesses, or
clinic time constraints need to be included to better predict patterns of lifestyle
modification assessment and advice.

Limitations: The main limitation of this study is its retrospective design with secondary
use of EHR data. Although a prospective study would provide results from a more
controlled environment, a similar-sized prospective trial investigating lifestyle
modification would not be feasible due to the cost and logistics of conducting such a
large clinical trial. Secondary use of data can present data quality issues (e.g., missing
data, reporting bias, recording bias).3 Despite these difficulties, multiple studies have
effectively used EHR data for many clinical research purposes if data is found to be
sufficient for the task.3%4% Another limitation of this study is the use of a single health
system’s data. Future studies could be designed to expand and use these methods at

multiple sites.
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CONCLUSION

Given the importance of lifestyle modification interventions for multiple medical issues,
this study is an important and innovative step in care transparency for future
comparative effectiveness studies, outcome analyses, and care improvement efforts. To
date, most studies evaluating lifestyle modification as a medical treatment rely on
surveys and self-reports that are inherently vulnerable to reporting and recall bias. With
increasing emphasis placed on the need for lifestyle modification to treat multiple
chronic diseases, our study offers a more objective and comprehensive measurement
of lifestyle modification care via EHR analysis. As more efforts are made to improve
lifestyle modification interventions, our study has shown that lifestyle modification
documentation can be automatically extracted and evaluated from EHR data, thus
offering increased identification of actual use of lifestyle modification in the care of
hypertension or multiple other chronic disorders. This will be even more valuable if the
2017 AHA guidelines defining hypertension as pressures of 2130/80mmHg are widely
adopted resulting in more patients meeting hypertension criteria and requiring lifestyle
modification discussions and interventions.*}4?> Our methods for extracting and
evaluating lifestyle modification could also be used to support evaluation of current and
future initiatives such as “Exercise Is Medicine” and “Healthy People 2030”.4344
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Abstract

The Gap: Over 45% of the 85.7 million US adults with hypertension have uncontrolled
blood pressure resulting in increased risks of cardiovascular disease including stroke,
heart failure, and myocardial infarction. Guidelines on hypertension management
include lifestyle modification (e.g., diet, exercise) and medication initiation as first line
treatment. To understand current hypertension treatment efforts and improve
hypertension control, it is important to determine the frequency and inter-relatedness of
lifestyle modification and hypertension medication initiation.

Methods: Electronic health record data from 14,360 adult hypertension patients at an
academic medical center were analyzed using statistical and machine learning methods
to determine the relationships between documentation of lifestyle modification and
hypertension medication initiation and predictors of medication initiation.

Results: Within one year of hypertension onset, over 78% of patients had documented
lifestyle modification. Overall, only 38% of patients with ongoing elevated blood
pressures had documentation of an initial antihypertensive prescription within one year.
However, 69% of patients without an antihypertensive prescription had documented
lifestyle modification. The best machine learning classifier for medication initiation within
one year = false was random forest with an AUROC of 0.709 on the test set with recall
(sensitivity) = 82%.

Conclusion: Analyzing textual data and coded data from EHRs can provide a more
complete assessment of hypertension care. Knowledge gained from this approach to

EHR data evaluation can inform and improve hypertension treatment, care process, and
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metric development efforts to decrease morbidity and mortality related to uncontrolled
hypertension.

INTRODUCTION

Hypertension is the number one modifiable risk for cardiovascular disease.!
Unfortunately only 54.4% of hypertension patients have controlled blood pressure.?
Causes of inadequate control of blood pressure can manifest throughout the care
continuum including lack of timely hypertension diagnosis, lack of timely hypertension
treatment with lifestyle modification and/or medication, lack of patient adherence to
treatment, and lack of treatment titration.3 Barriers to each of these steps have been
explored previously in many studies, usually based on surveys of patients or providers.
Although those studies continue to inform understanding and optimization of
hypertension care, this study undertook a novel approach of using computational
methods to evaluate the poorly understood problem of timely medication initiation.
Electronic health record data from 14,360 patients that met criteria for hypertension
were analyzed using statistical and machine learning methods. Machine learning
methods are appropriate when the goal is to identify informative patient phenotypes with
high predictive accuracy, rather than explain causal effects. It can be used to determine
if combinations of variables are more predictive of a class variable than individual
variables alone. Machine learning methods have been applied to a variety of medical
problems to find previously unrecognized relationships within existing data.®° To our
knowledge, this study is the first to apply machine learning methods to the problem of

timely hypertension medication initiation and its potential predictors.1?
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METHODS AND MATERIALS

Institutional and clinical settings: UW Health is the academic health system for the
University of Wisconsin-Madison. UW Health adopted Epic Systems Corporation’s
electronic health record in 2004 and has created a Health Information Management
Center, which is devoted to the integrity of system-wide electronic health record data
and facilitation of its use for improved patient care and health.

Data Source: All relevant full-text documents from patients meeting inclusion criteria
were retrieved from the UW Health electronic health record. Data were obtained from
notes throughout the outpatient clinical encounter including nursing notes, provider
notes, patient instructions, nutrition consultation, and exercise consultation. Data were
linked and deidentified for analysis with 16 of the 18 HIPAA identifiers removed to
create a Limited Data Set. These data in this set included all person-level information
used to construct the sample: sociodemographics, insurance information, and
encounter details (e.g., diagnosis and procedure codes) coupled with administrative
data including provider specialty, provider age, provider gender, and visit type (primary,
specialty, or urgent care). The University of Wisconsin IRB approved this study.

Data Retrieval: Study inclusion and exclusion criteria are detailed in Table 1.12

Inclusion criteria: (from this retrospective patient population)

e Adult patients 218 years old “managed” at a UW Health practice between January 01, 2008 and
December 31, 2011. “Managed” is defined as having at least two billable office encounters in an

outpatient, non-urgent care primary care setting, or one primary care encounter and one office

encounter in an urgent care setting (regardless of diagnosis code).
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e Adult patients (regardless of gender, race, or ethnicity) meeting criteria for the diagnosis of
hypertension defined as follows by guidelines from the Seventh Report of the Joint National
Committee on the Prevention, Detection, Evaluation and Treatment of High Blood Pressure which
were the active guidelines during this study.**’ Hypertension is defined as:

e >three separate elevated blood pressures within a two year period, measured at least 30
days apart with: systolic = 140 mmHg or diastolic =2 90 mmHg

e Or=two elevated blood pressures within a two year period, measured at least 30 days apart
with: systolic 2 160 mmHg or diastolic = 100 mmHg

Exclusion criteria:

e Patients pregnant during the retrospective study period were excluded 1 year before, during, and
1 year after pregnancy.

e Patients with a pre-existing diagnosis of hypertension including essential hypertension,
hypertensive heart disease, hypertensive renal disease, hypertensive heart and renal disease,

secondary hypertension, or any anti-hypertensive medication prescription.

e Children under the age of 18 (because we employed guidelines on lifestyle modification for
adults).

e Prisoners (as a vulnerable population) were excluded as IRB approval was not obtained for

inclusion of this population due to their limited freedom to choose lifestyle activities.

Table 1: Inclusion and exclusion criteria

The hypertension diagnosis criteria were based on JNC 7 criteria, reflecting the
guidelines available during the time of the hypertension dataset creation.'’ Lifestyle
modification was retrieved from the electronic health records using natural language
processing methods with details reported in another manuscript.®> Blood pressure
measurements were retrieved from structured fields within the EHR. Preexisting
conditions were identified using ICD9 codes.

Data Division:

14,860 patients met inclusion criteria with 500 patients’ records used for NLP tool
development for lifestyle modification retrieval referenced above. Of the remaining
14,360 patients, this study identified 9701 patients with persistent hypertension by one

year of meeting and sustaining criteria for hypertension. These patients either had
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medication initiated or were still eligible for medication treatment of hypertension by one
year after meeting criteria.

Individual variable analysis was completed on the dataset of 9,701 patients. Machine
learning methods were applied with 8,655 patients’ records used for training the models
and 1,046 used for testing of the models.

A schematic of the dataset and data division is provided in Figure 1.

EHR Dataset Administrative Dataset
14,360 Patients 14,360 Patients

— =

Combined EHR + Administrative Dataset
14,360 Patients

hhhhh

bt _§ N

L T

' -
B

| 4,659 Patients Without |

ST 1-E Rt VW | Persistent Hypertension |

Persistent Hypertension

I (Future Analysis) I
/ \ Tt
Single Variable Analysis Machine Learning
9,701 Patients 9,701 Patients
Machine Learning Machine Learning
Training Set Testing Set
8,655 Patients 1,046 Patients

Figure 1. Data division

Data Analysis: This study identified and evaluated medication initiation within one year
of hypertension onset and lifestyle modification documentation by looking at frequencies

of each. This study also identified and evaluated independent variables consisting of
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patient, provider, clinic, and lifestyle modification characteristics as potential predictors
of delays in medication initiation for hypertension. Although comorbidities and
cardiovascular risk guide how long to continue lifestyle modification as sole treatment of
persistent hypertension, this study used the longest proposed period: one year.16:18-20
Variables were selected for retrieval based on an iterative approach using literature,
clinical domain knowledge, and data from the electronic health record (the top 10 most
frequent diagnosis codes within this dataset).

All variables are listed in Table 4 and include eight types:

1. Discrete demographic variables

2. Provider and clinic variables from the administrative dataset

3. Existing coded variables of diagnosis codes or findings (e.g., ICD9 for any anemia:
280-286) or findings (e.g., BMI = 30 kg/m?)

4. Combined variables of multiple ICD9 codes (Table 2)

5. Family history variables — NLP-extracted family history details from EHR text

a) Two variables from NLP extraction were mapped directly to the Unified Medical
Language System (UMLS) Concept Unique Identifier Code (CUI) codes: Family
History of Alcohol Abuse or Dependence (C29111218), and Family History of
Obesity (C0455373)

b) Two variables were combinations of NLP-extracted variables and mapped to
UMLS CUI codes: Family History of Cardiovascular Disease (C0455404C), and

Family History of Metabolic Disorder (C0455367C) (Table 2)

6. Lifestyle modification assessment — NLP-extracted data transformed to UMLS CUI

codes
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7. Lifestyle modification advice — NLP-extracted data transformed to UMLS CUI codes

8. Time periods of first lifestyle modification documentation

Variables were combined using Boolean logic and if/then expressions. Combinations

were performed to decrease dimensionality of the data in order to improve strength of

association with a higher level diagnosis (e.g., all diabetes) compared to potentially no

identified correlations with the class with multiple lower level diagnoses (e.g. diabetes

mellitus type 1 and diabetes mellitus type 2 analyzed separately).

Combined Variable Name and ICD9 or
UMLS Concept Unique Identifier Codes

Component Variable Names and ICD9 or
UMLS Concept Unigue Identifier Codes

Depression Combined, 311C

311 Depression

296.2x Major depressive disorder single
episode

296.3x Major depressive disorder recurrent

Alcohol Dependence Combined, 303C

305-305.04 Alcohol abuse
303X Alcohol dependence syndrome

Tobacco Abuse Combined, 305.1C

305.1 Tobacco use disorder
V15.82 History of tobacco use

Menopause Combined, 256.31C

256.31-256.391 Menopause
627.8-627.91 Menopause disorder NEC
256.2 Post-ablative ovarian failure

Inflammatory Disease Combined, 714C

714.0-714.91 Rheumatoid arthritis and other
inflammatory disorders

710 Systemic lupus erythematosus

695.4 Lupus

Cerebrovascular Disease Combined, 430C

430-439 Cerebrovascular disease
V12.54 Transient ischemic attack

Diabetes Mellitus Combined, 250C

250x Diabetes mellitus
249x Secondary diabetes mellitus

Long Term Use of Medications Combined,
V58C

V58.66 Long term use of aspirin
V58.69 Long term use of meds NEC

Family History of Metabolic Disorder
Combined, C0455367C

C0455367 Family history of metabolic disorder
C0455369 Family history of raised lipids
C1445950 Family history of polycystic ovaries
C1313937 Family history of diabetes mellitus
C2317125 Family history of impaired glucose
tolerance

Family History of Cardiovascular Disease
Combined, C0455404

C0455405 Family history of hypertension
C0455407 Family history of aneurysm of
artery or atherosclerosis

C1261367 Family history of stroke

C0559128 Family history of cardiac disorder
C0475701 Family history of transient ischemic
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attack

Table 2. Combined variables defined with component concept unique identifier codes
and descriptors
The dependent variable (also called the class variable in machine learning terminology)

was medication initiation by one year (yes, no). Delay in medication initiation was
defined as no hypertension medication documentation in patients with persistent
hypertension within one year of meeting criteria for hypertension (Table 1). Persistent
hypertension was defined as systolic blood 2140mmHg or diastolic blood pressure
>90mmHg based on guidelines at the time of this data creation. The data were
evaluated using individual variable analysis and machine learning methods.

Individual Variable Analysis: Chi-square tests were used to evaluate each patient,
provider, clinic, and lifestyle modification characteristic in relation to the dependent
variable (medication initiation by one year yes, no) for the 9,701 patients with persistent
hypertension at one year. A p-value <0.05 was considered statistically significant.
Multiple comparisons were corrected for using the Bonferroni method.

Machine Learning Analysis: WEKA, a suite of open-source machine learning tools,
was used to perform the machine learning analyses.'#?! Data from 8,655 patients were
used for model training and data from 1,046 patients were used for model testing.

Baseline characteristics of subjects in the training and test sets are provided (Table 3).

Training Subset: 8,655 Patients | Test Subset: 1,046 Patients
Baseline Characteristics Number of patients (% of Number of patients (% of
subset) subset)
Age (years, mean, median, 18-96, Mean 49.05, Median 18-93, Mean 49.32, Median
standard deviation) 49.00, SD 14.41 49.00, SD 14.08

Gender
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Female 3939 (45.6%) 465 (44.5%)
Male 4716 (54.4%) 581 (55.5%)
Race/ethnicity

African American/Black 401 (4.6%) 50 (4.8%)
Asian 130 (1.5%) 13 (1.2%)
American Indian/Alaska Native 26 (0.3%) 5 (0.5%)
White 7644 (88.3%) 931 (89.0%)
Hispanic/Latino 162 (1.9%) 14 (1.3%)
Other/Native Hawaiian/Pacific

Islander/Multiple 42 (0.5%) 1(0.1%)
Unknown 250 (2.9%) 32 (3.1%)

Table 3: Study subjects’ baseline characteristics

In this study, the input data consisted of patient, provider, clinic, and lifestyle
modification variables for each patient with persistent hypertension at one year, coupled
with the known class variable for that patient: hypertension medication initiation was
provided within one year of meeting hypertension criteria. The machine learning
methods identified models of the given variables that were predictive of receipt of
medication initiation within one year for patients with persistent hypertension. Such
models can provide insight into the factors that explain the class variable, and can be
applied to previously unseen patients to predict their class variables. Machine learning
algorithms used were logistic regression, decision trees, and random forest. They are
briefly described in Figure 2 along with zero R as a baseline classifier used for
comparison. Models learned using each of these algorithms were internally validated on
the training set using a 10-fold cross validation method. This means that training data
were separated into 10 partitions (using the entire data set each time) with 90% of each

version of the data set used for training and 10% used for testing. Thus, at the end of



this validation, all of the 8,655 patients’ data in the training set were sequentially used

as a training and a validation set.

Zero R

e Alearned model is a rule that assigns the majority class value to each new instance based on the
training data

e The learning algorithm infers a model by predicting the majority class (mode class value) for each
instance.

e The model classifies new instances as having the majority class value.

e Provides a baseline understanding of almost random prediction based solely on the most

frequent class value in the dataset

Logistic regression.

e In alearned model a patient is represented as a vector of variables corresponding to a point in
the hypothesis space of all clinic, patient and provider variables.

e The learning algorithm infers a model by transforming the input variables using the logistic
function to the output variable. The output variable is a probability between 0 and 1. The
coefficient for each variable is determined from the data to most accurately reproduce each
patient’s class in the training set.

e Class assignment is determined by applying a threshold value to the weighted sum of the
variables for each patient. This value separates new instances into membership into one of the

identified classes: 1) medication initiation yes; 2) medication initiation no.

88
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Decision tree learner

e Alearned model is represented as an upside down tree with the “root” (at the top) containing all
the data with a mixture of class variable values down to the “leaves” which contain data with only
one (ideal) or a few (acceptable) class variable values

0 Looking at the tree, an observer can determine which characteristics (or combination of
characteristics) is/are predictive (found in the branch path) leading out to the particular
class variable value at the end of the branching (a leaf)

e Alearning algorithm lIteratively splits the training set on input variable values, into subsets with
purer collections of data based on the targeted class with the goal being to decrease
heterogeneity in each subsequent subset.

e The model classifies new instances using the variables to split the data as per the training set to

achieve a tree with pure leaves which contain instances of a single (or mostly single) class value.

Random Forests

e Alearned model is represented as a collection of decision trees from repeated resampling of the
data to achieve the most homogenous leaves (classes) at the end of the branches

e The learning algorithm infers a model as in decision trees, but assigns the majority class of the
many trees that were created for a given instance.

o Classification is done with assignment of the majority class value from all the tree models to a

new nominal instance.

Figure 2. Classifier descriptions in machine learning analysis.

Data was evaluated in multiple ways including all variables (excluding redundant
variables), the ten most frequent diagnosis variables from the EHR data retrieval, only
ICD9 variables, only NLP-retrieved variables, only demographic and administrative
variables, and combinations of each subset. Looking at all variables in a single dataset
and using WEKA's variable selector provided models with the highest predictive
capacity.

Evaluation of the model prediction accuracy included:
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e %Correct (with mean absolute error) — the number of instances identified with the
correct class

e AUROC - Area under the receiver operating characteristic curve — the area under
the curve formed by plotting the false positive rate (x axis) against the true positive
rate (y axis)

e Recall (sensitivity) — the number of true positives identified by the model divided by
the total number of true positives in the sample

e Precision (positive predictive value) — the number of true positives identified by the
model divided by the number of all positives identified by the model

e F-measure — the harmonic mean of precision and recall:

0 2 x (precision x recall) / (precision + recall)

Accuracy was measured by area under the receiver operating characteristic curve
(AUROC) with 95% confidence intervals. Comparisons of model accuracy were
performed to identify whether machine learning could produce a classifier that is
significantly better than chance, and whether one machine learning classifier
significantly outperformed others. After determining the best model in predicting the
correct class given a new patient record, its performance was tested on the held-aside

test set of 1,046 patients’ records.

RESULTS
Individual Variable Analysis Results
From the 14,360 patients in the dataset, 9,701 met criteria for persistent hypertension

by one year (with blood pressure 2140/90mmHg or hypertension medication initiation);



analysis of the patients not requiring medication by one year will be described in a

separate manuscript.

This study’s individual variable analysis results identified most variables as statistically

significant with Bonferroni corrected P-Value <0.05 (Table 4).

Chi Square Analysis Results
Hypertension Medication By One Year True/False

Variable Type (in bold) and Variable Names Adjusted
P-Value
Demographic Variables
Age (<40, = 40 years old) <0.01
Gender (Female, Male) <0.01
Language (English, Other) <0.01
Marital Status (Married/Partner, Other)
Medicaid (Yes, No) <0.01
Race (Black, White) <0.01
Race (Black, Other) 0.21
Race (Other, White) 0.04
Administrative Data: Clinic and Provider Variables
Provider Age (< 40, = 40 years old) 0.03
Provider Gender (Female, Male) <0.01
Provider Specialty (Primary Care, Other) 0.06
Visits, Primary Care (< 3, = 3 visits) 0.66
Visits, Specialty Care (< 3, = 3 visits) 0.03
Visits, Urgent Care (< 3, 2 3 visits) 0.49
Existing Coded Data Variables
Anemia 280-286 <0.01
Anxiety 300.0 — 300.91 0.02
BMI (< 25 kg/m?, = 25kg/m?) 0.05
Chronic Kidney Disease — 585x <0.01
Diabetes Mellitus — 250* Combined
Disease of arteries, arterioles, and capillaries — 440 - 450 <0.01
Dysmetabolic Syndrome — 277.7 1.00
Family History of Cardiovascular Disease — V17.49 <0.01
Family History of Ischemic Heart Disease — V17.3 <0.01
Family History of Stroke —V17.1 0.02
Family History of Sudden Cardiac Death — V17.41 0.71
Hyperlipidemia — 272.4* <0.01
Hypertension NOS — 401.9* <0.01
Hypertensive Disease— 401 - 406 <0.01
Lipoid Metabolism Disorders — 272x <0.01
Long-term Use Aspirin NEC — V58.66* Combined
Long-term Use Meds NEC — V58.69* Combined
Lumbago — 724.2* <0.01




Migraines 346.0 — 346.931 <0.01
Sleep Apnea — 327.2x <0.01
Stress — 308.0 — 308.91 0.13
Obstructive Sleep Apnea — 327.3* <0.01
Osteoporosis — 733x <0.01
Overweight, obesity, other hyperalimentation — 278 — 278.03 <0.01
Physical Therapy NEC — V57.1* <0.01
Polycystic Ovaries — 256.4 0.52
Post-procedural State — V54.89* <0.01
Routine Medical Exam — V70.0* <0.01
Combined Variables

Abnormal glucose without Diabetes Mellitus — 790.2R (revised — patients <0.01
with only abnormal glucose diagnosis (not diabetes mellitus) counted in

790.2R)

Alcohol Abuse-Dependence Combined — 303C (combined variable) 0.01
Cardiovascular Disease in Patient — 430C (combined variable) <0.01
Depression Combined — 311C (combined variable) <0.01
Diabetes Mellitus Combined — 250C (combined variable) <0.01
Heart Disease Combined— 420C (combined variable) <0.01
Long term use of any medication — V58C* (combined variable) <0.01
Menopause Combined — 256.3C (combined variable) 0.40
Rheumatology Disorder Combined — 714C (combined variable) 0.13
Tobacco Abuse Combined — 305.1C (combined variable) <0.01
Family History

NLP-Retrieved Data: Transformed to Coded Variables

Family History of Alcohol Abuse/Dependence — C2911218 0.11
Family History of Cardiovascular Disease — C0455404C (combined variable) | 0.01
Family History of Metabolic Disorder — C0455367C (combined variable) 0.73
Family History of Obesity — C0455373 0.09
Lifestyle Modification Advice

NLP-Retrieved Data: Transformed to Coded Variables

Alcohol consumption counseling — C1531491 <0.01
Dietary mgmt. education, guidance, counseling — C1828150 <0.01
Drug addiction counseling — C0199403 0.02
Exercise education — C0582396 <0.01
Patient advised about weight management — C3697318 <0.01
Smoking cessation assistance — C1692317 <0.01
Lifestyle Modification Assessment

NLP-Retrieved Data: Transformed to Coded Variables

Assessment of alcohol use — C4076406 <0.01
Assessment of drug use — C4075408 <0.01
Dietary history — C042501 <0.01
Exercise history — C1287528 <0.01
Smoking assessment — C3853073 <0.01
Weight finding — C1265588 <0.01
Time Periods of First Lifestyle Modification Documentation

NLP-Retrieved Data

Lifestyle modification <3 mos <0.01
Lifestyle modification >3 mos - < 6mos <0.01

92
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Lifestyle modification > 6 mos - < 12mos <0.01
Lifestyle modification > 12 mos 0.10
Lifestyle modification documented at any time within the study period <0.01

Table 4. Individual variable analysis results. Bonferroni adjusted p-values. *Top 10 most

frequent diagnoses in dataset.

Of the 9,701 patients with ongoing elevated blood pressures over one year, 3,668

(38%) received a prescription for hypertension medication. Of the patients needing

hypertension medication treatment, 6033 (62%) did not have a documented prescription

for hypertension medication by one year of hypertension diagnosis criteria being met

and sustained. Lifestyle modification was documented for 92% of patients prescribed

hypertension medication, compared to 69% lifestyle documentation among patients not

prescribed hypertension medication (Figure 3).

Medication Mot Initiated by One Year
(6033 Patients)

Medication Initiation by One Year
(3668 Patients)

Medication Initiation by One Year and
Lifestyle Modification (LM)

o 1000
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4000 000 000 00
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¥ No Documented LM

Medication Initiation by One Year
(3668 Patients)

2310
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Medication Mot Initiated by One Year
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3115
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1844

Figure 3. Medication Initiation by 1 year relative to timing of first lifestyle modification

documentation
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In both groups, the most common time period for initial lifestyle modification
documentation was in the first three months of hypertension onset with 63% of the
medication group and 52% of the non-medication group having lifestyle modification
documentation by three months. 31% of patients without medication prescribed did not
have documented lifestyle modification. 8% of patients with medication initiated by one
year did not have documented lifestyle modification. In this study population with 9,701
patients having persistent hypertension, 1,844 (19%) had no documented intervention
of lifestyle modification or hypertension medication initiation by one year.

Machine Learning Analysis Results

Results from evaluation of different machine learning classifiers on the training set are
summarized in Table 5. The variables producing these results were selected as the
most informative of the entire variable list using WEKA's variable selector (CFS Subset
with a Best First Search method) using the training data. The variables selected were

then used on the testing set.



95

Hypertension Medication Initiation Within One Year of Hypertension Onset

Analysis Results on Internal Cross Validation on the Training Set

(8655 Patients’ Data)
Results for Class = Medication Initiation 1 year = False

Classifier
Precision
Recall (Positive
0, -
% Correct (MAE) AUROC (Sensitivity) Predictive F-Measure
Value)
Baseline Accuracy 0.768
62.32 (0.47) 0.500 1.000 0.623
(Weka'’s Zero R)
Logistic Regression 67.97 (0.40) 0.725 0.825 0.709 0.763
Decision Tree 68.13 (0.40) 0.693 0.837 0.706 0.766
Random Forest 68.34 (0.40) 0.725 0.862 0.700 0.772

Machine Learning

Analysis Results on Test Set (1046 Patients’ Data)
Results for Class = Medication Initiation 1 year = False

Classifier
% Correct (MAE) AUROC Recall Precision F-Measure
Zero R 61.09 (0.48) 0.497 1.000 0.611 0.758
Random Forest 68.26 (0.41) 0.709 0.817 0.708 0.759

Table 5. Machine learning results on the training and test sets

Variables incorporated into these models consisted of diagnoses, NLP-retrieved types

of lifestyle modification, NLP-retrieved timing of lifestyle modification, and NLP-retrieved

family history (Figure 4).

Lifestyle Modification
Type

First Lifestyle
Modification Time

Diagnoses

Family history
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- Dietary mgmt. -> 3 to <6 mos. - Hypertensive disease: | - Family History of
education, guidance, ->6to <12 mos. 401-406 Cardiovascular
counseling: C1828150 - Long-term use of any | pisease: C0455404C
- Exercise education: medication: V58C

C0582396

- Patient advised about
weight management:
C3697318

- Dietary history:
C042501

- Exercise history:
C1287528

- Smoking assessment:
C3853073

- Weight finding:
C1265588

Figure 4. Variables used in machine learning models

Coefficients for Training Set Logistic Regression Model

Medication Initiation At 1 Year = False

Hypertensive disease = N * 0.37

Dietary mgmt. education, guidance, counseling = N * 0.36

Dietary history = N * 0.07

Exercise history = N * 0.19

Weight finding = N * 0.1

Smoking assessment = N * 0.13

>3months and <=6months = T * -0.47

>6months and <=12months = T * -0.46

Family history of cardiovascular disease = Not Mentioned * 0.28

Family history of cardiovascular disease = N * 0.1

Long term use of any medication =N * 0.11

Figure 5. Coefficients of variables in logistic regression model
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Comparison of the different classifiers based on AUROC with a 95% confidence interval
showed random forest to be the marginally best classifier equal to logistic regression in
the AUROC but slightly better in % correctly classified, recall (sensitivity), and

precisions (PPV) as shown in Figure 6.

* Logistic {class: FALSE)

+ ZaroR {class: FALSE)

< |48 {class: FALSE)

& RandomForest {glass: FALSE)

True Positive Rate

[ 5.5 1

False Positive Rate

Figure 6. AUROC comparison with baseline Zero R classifier (diagonal straight line)

The baseline classifier used was Weka’'s Zero R. The machine learning classifiers used
were logistic regression, J48 decision tree, and random forest. These were very similar
in their AUROCSs as shown in the graph (Figure 5). All were significantly better than
chance as represented by the baseline classifier Zero R. Random forest and logistic
regression had the same AUROC and slightly higher than the J48 decision tree as
shown in Table 5.

DISCUSSION
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Our goal in this study was to understand the relationship of patient, provider, clinic, and
lifestyle modification characteristics as related to hypertension medication initiation
within one year of hypertension onset. We believed that knowledge of these
relationships could allow providers to identify potential barriers or facilitators of
medication initiation due to identified patient, provider, and clinic characteristics. We
also hoped that with this knowledge providers could better tailor plans for hypertension
treatment to optimize current hypertension guidelines on use of lifestyle modification
and hypertension medication initiation.

Over 78% of all patients with persistent hypertension by one year of onset had lifestyle
modification documentation as appropriate first line treatment of hypertension. This
included 69% of patients who were not started on hypertension medications by one
year. These patients may appear to be receiving no treatment of their hypertension if
evaluation is comprised only of structured/coded data. Using natural language
processing to analyze the records, it becomes clear that many patients have
documented lifestyle modification, which is first line treatment of hypertension. However,
only 38% of patients needing medication by one year after hypertension onset were
prescribed hypertension medication. This is not consistent with current guidelines for
hypertension treatment.???3 Patients who have documented hypertension medication by
one year are also more likely to have documented lifestyle modification (92%) than
patients with no hypertension medication documentation (69%). This study provides
clear evidence that efforts are needed to improve treatment of hypertension and/or its
documentation. Focusing on the 19% of patients having no documentation of either

lifestyle modification or medication may be a prime starting point.
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Although our findings are informative of hypertension treatment patterns, we would like
to continue research to find even stronger predictors of medication initiation for
hypertension treatment within one year. One caveat to this analysis is that if the goal is
to decrease the number of patients not receiving medication within one year as needed,
the analysis must look at the ability of a classifier to identify the patients who did not
have medication initiation (i.e., the “medication initiation by 1 year = false” group) as
reported here. The random forest AUROC on the test set was 0.709 and the recall
(sensitivity) was almost 82%. This is evidence that we can accurately identify
determinants of medication initiation within a population with hypertension. The
variables that were used in these models are listed above with their coefficients in the
logistic regression model. Variables that increase the likelihood that a patient will not get
hypertension medication initiated in a timely manner include absence of a diagnosis of
hypertensive disease, absence of a documented family history of cardiovascular
disease, no long-term medication use, and lack of lifestyle modifications. This machine
learning analysis provided evidence for a more succinct number of variables being
significant in determining medication initiation compared to individual variable analysis.
These results specifically identify the importance of timely medication initiation and
providers diagnosing hypertension and using lifestyle modification for all hypertension
patients (regardless of family history of cardiovascular disease).

It is interesting that administrative data used in these analyses were not informative in
these machine learning models and most ICD9 diagnosis codes were also not
informative. In analyses using only ICD9 codes, the best AUROC was only 0.606 (with

only 65.8% correctly identified instances). The most consistently informative ICD9 code
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was the combined 401-406 code for hypertensive disease. Of the 2277 patients with
one or more of these hypertension ICD9 codes, 56% had medication initiation within
one year. 35% of patients having documentation of medication initiation within one year
had a diagnosis of hypertension, compared to only 16% of patients without medication
initiation having a hypertension diagnosis.

In predicting medication initiation, there are several potential reasons that the classifiers
did not perform better overall. Many reasons have been identified in the literature and/or
offered by our research group including: patient preferences or biases for or against
medication; provider preferences for or against treatment (which may manifest as
clinical inertia); patient financial or time constraints; time constraints during office visits;
patient complexity or acuity; and lack of consistent follow-up with a single provider.?4?7
Although our study attempted to evaluate some of these factors (e.g. looking at
comorbidities, family history, provider specialty), many components potentially causing
variability within the clinical encounter were not captured (e.g., complexity of an
encounter when blood pressure was elevated; consistency of the same provider seeing
the patient; and provider prescribing patterns with his/her patient panel). Variables such
as these may be the hidden keys to unlocking the pattern of who and who does not
receive medication initiation within one year.

Limitations: One limitation of this study is its retrospective design with secondary use
of EHR data. Secondary use of data can present data quality issues (e.g., missing data,
reporting bias, recording bias).?®-3° Despite these difficulties, multiple studies have
successfully used EHR data for many purposes and this dataset has been successfully

used in the prior study retrieving lifestyle modification by this research team. Another
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limitation of this study is the possibility for overfitting given that data from only one
health system were evaluated and may reflect specific practice and documentation
patterns unique to that system. Finally, each patient encounter is an amalgam of stated
and unstated, congruent and incongruent: preferences, biases, goals, agendas,
evidence, data, and constraints involving all stakeholders including the patient, provider,
clinic, payers, and professional bodies issuing guidelines. This reality of potential
variability in care delivery limits the accuracy of our classification models.
CONCLUSION

This study has presented new evidence that most patients (69%) who were not on
hypertension medication, and appeared to have no treatment for their ongoing
hypertension by one year of onset, actually had documented lifestyle modification.
Certainly, by one year, this is not sufficient if blood pressure is still elevated. However, it
is evidence that providers are at least beginning acknowledgement of and/or
interventions for hypertension. With only 38% of eligible (persistently hypertensive)
patients receiving medication by one year, there is much work to be done in improving
timely initiation of antihypertensive medication initiation. Even more patients will be
needing lifestyle modification interventions if current recommendations for diagnosing
hypertension at lower thresholds are widely accepted.3!3?

To extend this effort, future analysis of this data with comparisons of patients who do
and do not require medication by one year of hypertension onset will be undertaken by
our team. Additionally, more research into “hidden” variables, and extension of this work
to include ICD10 diagnosis codes, may prove beneficial in uncovering even stronger

predictors of medication initiation.
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Future work may also be undertaken to apply these methods to the analysis of
treatment of other disorders that use lifestyle modification as first-line treatment such as
diabetes, obesity, hyperlipidemia, and peripheral vascular disease.
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5. Conclusion

5.1. Discussion

This work was undertaken to accomplish the three specific aims detailed above. Each
aim was accomplished, although with varying degrees of success. | have shown that
lifestyle modification as treatment of hypertension can be extracted from electronic
health records to provide a more complete picture of hypertension care compared to
analysis of only discrete field or coded data from electronic health records. This
information can inform future studies and care improvement efforts for hypertension.
This study provided new, objective evidence that:

1. Lifestyle modification documentation can be extracted from electronic health record
narrative data with a high degree of recall and precision using augmented natural
language processing methods.

2. Over 78% of hypertension patients had documented lifestyle modification in this study
population with most receiving it within the first 3 months of hypertension onset.

3. Lifestyle modification documentation was difficult to predict in this population except
for the classes “< 3 months” and “any time”. Both of these time periods also had more
statistically significant variables than the other three time periods. The most informative
variables were BMI, provider specialty, family history of alcohol abuse/dependence,
family history of metabolic disorder, and family history of cardiovascular disease.
Specific results and challenges regarding lifestyle modification predictor analysis are
addressed in the manuscript (chapter 4, section 4.2).

3. Only 38% of patients needing hypertension medication (within one year of reaching

criteria for hypertension) had documented prescriptions for it.
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4. Most patients (69%) who did not have a documented prescription for hypertension
medication, did have documented lifestyle modification. This is new, encouraging
evidence that hypertension in these patients is being addressed, although not
adequately with the lack of medication initiation present by one year after reaching and
persisting in hypertension blood pressure levels.

5. Predictors of medication initiation within one year of hypertension onset were

discovered that provided recall of 79.3% and precision of 71%.

5.2.Limitations

The main limitation of this study is its retrospective design with secondary use of EHR
data. Although a prospective study would provide results from a more controlled
environment, a similar-sized prospective trial investigating lifestyle modification would
not be feasible due to such a large subject pool. Secondary use of data can present
data quality issues (e.g., missing data, reporting bias, recording bias).8?84 Despite these
difficulties, multiple studies have used EHR data for many purposes, including
phenotype classification, cohort identification, disease correlation, adverse drug event
identification, and outcome prediction.4-66.76-81.85

The issue of completeness and EHR data quality for use in research has been
addressed in prior papers.82 One model of data quality defined completeness as, “the
extent to which data are of sufficient breadth, depth, and scope for the task at hand.”®
This view has been further discussed and completeness described as “contextual and is
determined through an understanding of specific data needs.”8® This study’s data had

relatively few missing values and allowed the intended aims to be accomplished.
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Specific handling of missing data and shortcomings for each aim are described in the
manuscripts (sections 4.1-4.3).

With secondary use of EHR data there are concerns whether documentation of lifestyle
modification reflects what actually occurs during a patient encounter. Evaluating the
data using methods employed in this study allows for understanding of at least
documentation, if not actual care, and can spur efforts to improve both documentation
and care. Several studies have noted that improved documentation can improve patient

care.8’.88

5.3.Future Work

Future work, extending this thesis work, will evaluate predictors of needing hypertension
medication at one year after hypertension onset compared to predictors of not needing
medication. To increase generalizability, | would like to apply these methods to
evaluation of all patients with hypertension (not just incident hypertension patients) and
to hypertension patients in another health care system. To improve scalability, | would
like to work with developers of cTAKES or other open-source NLP tools to incorporate
these methods and this lexicon into an NLP tool to allow automatic identification of

verbs and terms of interest in lifestyle modification evaluation.

5.4.Conclusion

Methods used and results from this study have added new findings to the scientific
literature as discussed above. These methods could be used for further hypertension
evaluation, adapted to future hypertension guidelines, and adapted to evaluation of

other disorders that also use lifestyle modification as a core treatment modality.
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Information from studies using these methods could be used to improve care delivery

and metric development regarding use of lifestyle modification.
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7. Appendices

7.1. Appendix A - Example: Lifestyle Modification Terms and Objects

General LM Objects - NP Provider VP Requiring Any LM Object = Advice
alcohol advise/d/ing

alcohol abuse agrees/d/ing/able

alcohol use avoid

alcoholic beverages begin

Alcoholics Annonymous,/A change

amphetamine/s congratulated

bike/s/ing/d consider/ing/d/s

binges/ing continue

calaric counsel/ed/ing

calorie/s covered

carbohydrate/s declines/d/ing

Chantix decrease

cigarette,s discuss/ing/ed

cigars do not

DASH diet don't

decrease/decreasing/decri emphasized

diet encourage/d/ing

dietary give/gave/giving/given

dietician given handouts on/for/about (LM Object)
drug abuse given information on/for/about (LM Object)
drug use given instruction on/for/about (LM Object)
etoh/ETOH going to

exercise/exercising/has ex improve

fats/fat increase

fruit instruction/instructed

gain/gaining/gained weigh is/was not interested in
goalftarget/healthy BMI  monitor

Eym needs to

health club prescribe/prescribed/prescribing

118



7.2.Appendix B — Example: Lifestyle Modification TUI-CUI Mapping

119

Provider VP (Column B & C) Followed by Diet LM Object
Provider VP (Column B & C) Followed by Exercise Object
Provider VP (Column B & C) Followed by Weight Object
Provider VP (Column B & C) Followed by Smoking Object
Provider VP (Column B & C) Followed by Alcohol Object
Provider VP (Column B & C) Followed by Drug Abuse Olject

Declaration Column D or Patient VP (Columin £ & F) Regarding Diet
Declaration Column D or Patient VP {Column € & F) Regarding Exercise
Declaration Columin D or Patient VP (Column € & F) Regarding Weight
Declaration Column D or Patient VP {Column £ & F|Regarding Smaking
Declaration Columin D or Patient VP (Column € & F)Regarding Alcahol

NP-LM Object List File Columns and Terms to B Matched with TUls/CUls Concept (SNOMEDCT)

Declaration Columin Dor Patient VP (Column £ & F) Regarding Drug Abuse  Assessment of drug use

u

Dietary mgmt. education, g T058
Exercise education T058

Patient advised about weigh T058
Smoking cessation assistanciT061
Alcohol consumption counse TO38
Drug addiction counseling  T061

Dietary history 033
Exercise history 033
Weight finding 033
Smoking assessment T058
Assessment of alcohol use  TOS8

TO58

(1828150 alcohol

ICUI LM Object Term from Provider Notes

(0582396  alcohol abuse

(3697318  alcohol use

(1692317 alcoholic beverages
(1531491 Alcoholics Annonymous/AA
(0193403 amphetamine/s

bikefs/ing/d

(042501 binges/ing
C1287528 caloric
(1265588 calorie/s

(3853073 carbohydrate/s

(4076406  Chantix

(4075408  cigarettefs
tigars
DASH diet

LM Object Category
Alcohol

Alcohol

Alcohol

Alcohol

Alcohol

Drug addiction/use
Exercise

Diet

Diet

Diet

Diet

Smoking

Smoking

Smoking

Diet




7.3.Appendix C — Example: Diagnosis Filter List

blood pressure s levated
bordertng blood pressure
dlevated jp

dlevated blood presure
tevated B

high bload pressure
hypertension
hypertensive

increased bloce pressure

HaP
il

acute myocardial infarction
dcghol ouse

deghol addiction

dcghol dependence
bordeline bloa sugar
borderline cholesteral
borderine iid profilflab
borderline lpids
cardiomyopathy
cardiovascular dlease
cerebral vascular accident
cerebral vascular attack
cerebral vascular disease
cerebrovascular accioent
cerebrovascular attack
carehrovascular dispase

Hypertension Diagnosis Terms case insenstiv) Hypertension Diagnasis Acronyms ase insensitive] - ypertension-Aelated Diagnosis Terms (case insensiiv) Hypenenslon-aelatedUiagnusisncmynﬂ

AM
ASCAD
(AD
(H

120
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7.4.Appendix D — Example: Family History Concept Mapping

FH: Cardiovascular Disease  C0455404  FH: hypertension (0455405 n/a nfa n/a
FH: Cardiovascular Disease 0455404  FH: stroke (12611367 n/a n/a n/a
FH: Cardiovascular Disease  C0455404  FH: stroke (12611367 n/a n/a n/a
FH: Cardiovascular Disease  C0455404  FH: stroke (12611367 nfa n/a nfa
FH: Cardiovascular Disease (0455404  FH: stroke (12611367 n/a n/a n/a
FH: Cardiovascular Disease  C0455404  FH: stroke (12611367 n/a nfa n/a
FH: Cardiovascular Disease  C0455404  FH: stroke (12611367 n/a n/a n/a
FH: Cardiovascular Disease  C0455404  FH: stroke (12611367 n/a n/a n/a
FH: Cardiovascular Disease  C0455404  FH: transient ischemic attack C0475701 nfa n/a nfa
FH: Cardiovascular Disease (0455404  FH: transient ischemic attack C0475701 n/a n/a n/a
FH: Cardiovascular Disease  C0455404  FH: cardiac disorder (0559128  FH:ischemic heart d C1313980  FH: myocardial inf;
FH: Cardiovascular Disease  C0455404  FH: cardiac disorder (0559128  FH:ischemic heart d C1313980  FH: myocardial inf;
FH: Cardiovascular Disease  C0455404  FH: cardiac disorder (0559128  FH:ischemic heart d C1313980  FH: myocardial inf;
FH: Cardiovascular Disease  C0455404  FH: cardiac disorder (0559128  FH:ischemic heart d C1313980  FH: myocardial inf;
FH: Cardiovascular Disease (0455404  FH: cardiac disorder (0559128  FH:coronary arterio: (2317524  n/a
FH: Cardiovascular Disease 0455404  FH: cardiac disorder (0559128  FH: coronary arterio: (2317524 n/a
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