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Abstract

Similarity of Medical Measures in Social Health Networks

The increasing use of Internet is making it possible for individuals to connect with
one another for social networking and socially significant reasons. With the advent of
electronic health records and the associated medical measurements, individuals will
increasingly expect and gain access to their medical information. The availability of this
information may serve as the foundation for automatically connecting similar individuals
in social health networks (SHN).

Due to the potentially large number of online individuals and the number of
medical measurements in an electronic health record, the record and feature space for
connecting individuals is large. Therefore, this dissertation proposes a computational
model to build SHNs using filtering, data reduction, and similarity coefficients. The
filtering and data reduction steps reduce the scale of the problem. Two approaches for
computing feature based similarity coefficients are explored.

A simulation of the computational model is demonstrated with two examples.
The findings from the simulation demonstrate that the record and feature space can be
significantly reduced. Furthermore, this research demonstrates that SHNs can be

automatically formed with the defined computational model.
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Chapter 1  Introduction

Over the last 20 years, there has been an increase in the demand for information
access due to the widespread use and ubiquitous nature of the Internet. Access to
products and services is no longer a phone call or a drive away; instead, it is a link to a
website. The increasing demand for online access has been satisfied with high-speed
transmission through cellular service, Wi-Fi, and Internet service providers. This high-
speed transmission ensures persistent access to information at home, in the car, and at
work or school. Concurrently, medicine has undergone significant change in equipment,
procedures, treatments, monitoring, and specialization. In this regard, the federal
government of the United States (U.S.) is investing in health information technology
(HIT) and electronic health records (EHR) with the hope that it will improve health [1].

With the increasing use of the Internet, online communities have developed for
social collaboration to support connections between individuals. They tie individuals
together by common interests, friendships, employment, and for other reasons. While
online communities have been forming for pleasure and social interest, others are
forming for socially significant purposes. There is evidence that social support buffers
stress in terms of emotion, information sharing, and a feeling of being integrated with
others [2].

Currently, individuals self-select into an online health community, or social health
network (SHN), based on pre-defined groups. An alternative to self-selection is

automated formation of health communities based on medical measurements. In essence,



medical measures from a personal health record may be used as a “matchmaking
mechanism” between patients [3, page 6]. Moreover, since social support has a positive
impact on health [2], automated grouping of individuals may contribute to improved
health. It may have further benefits of sharing information, education, and contributing
to future epidemiological research.
1.1 Problem Statement

A common problem across disparate disciplines is grouping objects based on
feature similarity. This is a classification. In the biological sciences, classification has
been emphasized to develop taxonomies such as the well-defined classification of the
animal kingdom. Despite these accomplishments, to date, automated techniques have not
been used to group similar individuals into SHNs. Therefore, this dissertation proposes
to build a SHN computational model for grouping individuals similar to a candidate
individual, based on their medical measurements. The computational model consists of
filtering, data reduction, and similarity computation.

1.2 Challenges and Significance

There are several challenges in this dissertation. The first challenge is identifying
the types of measures and associated characteristics, which can be used to determine
whether a medical measurement from one person is the same as from another person.
Second, there are myriad medical measurements. Thus, the problem space must be
reduced so that the number of observations or measurements does not overwhelm the

computational model. Third, similarity computation should support any type of medical



measurement whether it is raw data or a coded value. The similarity computation should
be inexpensive for varied numbers of features. Fourth, the computational model should
be inexpensive to compute when new individuals want to enter an existing group.
Finally, the model should be assessed with a simulation.

This research is significant because to date no automated techniques have been
developed for the purpose of grouping individuals into SHNs. A possible consequence of
this research is an efficient computational model for SHN formation. Additionally, this
work may be applicable to epidemiological studies.

1.3 Research Approach

The research approach in this dissertation is to develop the SHN computational
model and simulate the model with a database of medical measures. The proposed SHN
computational model will include several steps for filtering, data reduction, and similarity
computation. The SHN is simulated with a publicly available database of medical
measurements.

1.4 Dissertation Organization

Chapter 2 is review of the relevant literature. Chapter 3 concentrates on the
computational model for grouping, comparison of similarity techniques, selection of a
database, and a brief example. Chapter 4 presents the results of simulating the formation
of SHNs using diabetes and chronic kidney disease as examples. Chapter 5 is a
discussion of the results including some of the limitations of the model and simulation.

The last chapter of this dissertation is the conclusion.



Chapter 2  Literature Review

Currently, existing SHNs form based on self-selection into pre-existing groups or
by creating a new group. For example, a person interested in cancer attempts to find an
online community that fosters conversation about this topic. While this approach has
merit, it is limiting since there are many varieties of cancer and individuals may need
groups that are better matches for their specific needs. Furthermore, individuals may also
have challenges in finding the correct information or group [4].

This chapter is a review of the research and computational techniques related to
the development of a computational model for SHNs. The topics cover societal shifts
due to Internet access, the linkage of social support and the connection to health, existing
on-line support groups, medical measurement types, data reduction, and similarity
coefficients.

2.1 Societal Shift Due To Internet Access

In 2009, the Pew Research Center conducted the Pew Internet & American Life
Project (PIALP) to monitor the online activities of American adults [5]. Findings from
PIALP show that 79% of American adults use the Internet and 63% of households have
broadband service. American adults, ages 18 and above, comprise 75% of the US

population [6]. This suggests that there are roughly 180 million American adults using



the Internet'. This is consistent with polls showing 160 and 150 million people used the
Internet for health information in 2007 and 2008 [7].

The top five Internet activities are sending or reading email (90%), using a search
engine to find information (88%), searching for a map or driving directions (86%),
looking for health medical information (83%), and looking for information on a hobby or
interest (83%) [8]. Other findings show that adults are increasingly using online social
networking sites, with usage at 8% in 2005 and 35% in 2009 [9]. This represents a sharp
increase in usage of social networking sites.

2.2 Social Support and Bridging to the Internet

Social support has been defined “as the resources provided by other persons" that
may have either a positive or negative effect on health [10, page 4]. Social support
consists of four categories of behavior: emotional support, appraisal support,
informational support, and instrumental support [11]. There is evidence that social
support buffers stress and contributes to an individual's outlook and satisfaction in life.
Additionally, some studies have shown that persons with weaker social networks are at
greater risk for disease and death [12]. Thus, the ability to connect with others and
strengthening social networks may offer people benefits.

A number of research studies have shown a positive association between Internet

use and social support, particularly with respect to medical issues. For example,

1 This is calculated using the 2008 American Community Survey 1-Year Estimate of the US American population at 304 million and adults 18 and above

comprising about 75% of the population. The 2008 American Community Survey 1-Year Estimates can be found at http://factfinder.census.gov.
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implantable cardioverter defibrillators (ICDFs) are used by individuals at risk for a
sudden cardiac death. In 2005, the Centers for Medicare and Medicaid Services started
the National ICDF Registry, which requires all individuals with an ICDF to enroll in the
registry [13]. One study investigated the use of Internet-based bulletin boards by
individuals with ICDFs. This study found that bulletin board users were willing to share
personal feelings and experiences, chronicle stories about themselves so they could
connect to others, and offer support [14].

Another example is a 1997 evaluation of the on-line Breast Cancer List (BCL)
discussion group, which was open and un-moderated. The BCL was created for people
who had or were concerned about breast cancer topics, such as support, therapies, or
surgery. Membership consisted of people mostly from the US and Canada and changed
frequently. The BCL attracted a diverse group of people at different stages of breast
cancer. Discussions concentrated on tumors, diagnoses, medication efficacy, and
psychological support. An important finding of the BCL evaluation is that the discussion
group has some advantages over traditional supportive communication.  These
advantages include persistent resource availability and membership of people from
around the world [15].

Finally, one researcher investigated gender differences in Internet Cancer Support
Groups (ICSG). This researcher focused on prostate cancer, breast cancer, and a mixed
group. A review of the messages illustrated that in the ICSG, men in the prostate group

were most interested in information exchange, followed by personal experience, and



personal opinion. Women in the breast cancer group were most interested in personal
experience, followed by information exchange, and support. In the mixed group,
individuals were most interested in information exchange, followed by personal
experience, and support [16].

2.2.1 Current On-line Health Support

There are a number of existing web based health sites such as HopeCube,
DailyStrength, and MyHealthExperience. They offer individuals emotional support,
experience and information sharing, and medical advice. Some offer information on the
latest drug treatment and alternative therapy research. There are a variety of pre-existing
communities for conditions such as ALS/Motor Neuron Disease, Bipolar, and Parkinson’s
disease; in some cases, an individual may create a new community. These sites do not
utilize self-reported information, objective health measurements, or health record data to
connect individuals. Furthermore, in general, an individual enrolls and then self-selects
an online community based on the name and description of a disease [17, 18, 19, 20].

2.3 Medical Measurements

Measurement is defined as the assignment of a number to an attribute of some
instance of an object. An important consideration in measurement is that the “properties
of the attribute are faithfully represented as numerical properties” as described by Krantz
[21, page 1]. Krantz goes into detail about the systems that lead to measurement and the
basic procedures for assigning numbers, including a rigorous discussion of the axioms
and properties for this assignment. The measurement must characterize the object

attribute or else the measurement does not convey useful information.
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Medical measurements are the quantifiable result of tests, procedures, treatments,
health history questions, or diagnoses, forming the foundation of an individual’s health
state. Examples of medical measurements are blood pressure, total cholesterol, among
many others. Each measurement is constrained by a variety of factors such as the
reliability and validity of the equipment used, consistency with other measures,
procedures and methods, diurnal variation, and physiological processes.

2.3.1 Measurement Properties and Types

Measurements contain one or more of three basic properties of an object attribute.
These properties are denoted as magnitude, equal intervals, and an absolute zero point.
Magnitude refers to a measurement whereby the attribute of one instance of an object is
determined to be greater than, less than, or equal to the attribute of different instance of
that object. Equal intervals denote that the difference between any two adjacent points of
an attribute on a measurement scale is equal. Thus, the difference between a weight of
150 pounds and 160 pounds is the same as the difference between a weight of 250 pounds
and 260 pounds. Lastly, an absolute zero point indicates that nothing at all exists for the
object attribute being measured [22].

In general, there are four measurement types. The first type is nominal®
measurement, which separates data into discrete groups that are mutually exclusive.
Nominal measurements do not possess the properties of magnitude, equal intervals, or

absolute zero point. Thus, there is no ordering. In effect, nominal measurements are

> The literature uses nominal and categorical interchangeably.
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arbitrarily assigned labels for different objects. For example, gender is a nominal
measurement for which males may be assigned a value of ‘1’ and females the value of
2.

The second type is ordinal measurement. Ordinal measurement assigns objects to
categories such that these categories have a meaningful rank. Ordinal measurement
possesses magnitude, but not equal intervals or absolute zero point. In epidemiological
research, people may be pooled into different fitness groups such as poor, good, and
outstanding based on an individual’s perception of fitness level. While there is an
ordering and a sense of the magnitude difference between fitness groups, it is not possible
to determine the actual difference.

A third measurement type is interval, which possesses the magnitude and equal
intervals attributes. An example of an interval measurement is Fahrenheit temperature.
A temperature of 80° F is greater than a temperature of 60° F. However, temperature, like
all interval measurements, has two interesting distinctions. First, a temperature of 0° F
does not suggest the absence of temperature. Secondly, even though temperature
measurements possesses equal intervals it is not the case that there is a true zero point
and as a result, ratios between interval measures do not exist. Thus, 100° F is not twice
as hot as 50° F.

The fourth measurement type is ratio, which possesses the attributes of
magnitude, equal intervals, and absolute zero point. Thus, a person who weighs 200

pounds is twice as heavy as a person weighing 100 pounds (magnitude) and a 50 pound



difference between any two weights always has the same meaning (equal interval) [22,
23].
2.3.2 Subjective and Objective Measurements

Medical measurements may be either subjective or objective. Subjective
measurements result from questions a health care provider asks an individual during an
encounter or from self-reported information on a questionnaire. Questions may include
topics such as weight history, smoking and alcohol use, illicit drug use, stress, use of
prescription medications, pain, and physical activity. Objective measurements result
from the judgment of a healthcare professional or a medical device. There are numerous
categories of objective measurements including physical, biological specimens, image
and signal data, and coding systems.

Physical measurements include items such as height, weight, blood pressure,
vision, and hearing. Devices such as stadiometers, scales, blood pressure mercury
manometers, and spirometers are used for physical measurement capture. Biological
specimens are any material derived from an individual. Examples include tissue, hair,
blood, nasal swabs, and urine. Many diagnostic medical measurements are the result of
capturing an image or signal. For example, there are x-ray images, magnetic resonance
images, and electro-cardiograph traces.

2.3.3 Medical Data Coding

Medical data may be represented as standardized codes from any of the more than
150 coding systems. These coding systems are used for procedures, measurements,

diagnosis, disability, or treatment [24, 25]. For example, a blood pressure reading of
10



150/80 mmHg is represented in the Current Procedural Terminology (CPT®) with a code
of ‘2000F’ and in the International Classification of Disease (ICD) with a code of ‘401.9’
[26, 27].

Some examples of medical coding systems are the CPT, ICD 9th Revision
Clinical Modification (ICD-9-CM), the Logical Observation Identifiers Names and Codes
(LOINC), and the Systematized Nomenclature of Medicine Clinical Terms® (SNOMED-
CT). CPT describes medical, surgical, and diagnostic services under health insurance
programs [28]. ICD-9-CM categorizes mortality statistics, contains a list of disease
codes, and has entries for surgical and other procedures [29, 30]. LOINC is an extensive
classification of laboratory measurements and other clinical observations [31, 32].
Lastly, SNOMED-CT® is an extensive ontology describing clinical data and
relationships between data at a very granular level [33].

Two important aspects of a coding system are the amount of detail that can be
coded and the complexity that can be represented by the standard. The greater the
information and relationships the more likely it is that there will be greater meaning in
the standard. Studies have shown that SNOMED-CT® contains the greatest amount of
content coverage [34, 35, 36].

2.3.4 Measurement Variation

Measurements have several sources of variation. Some of these variations are due
to methods, procedures, equipment, lifestyle sources, demographics, and diurnal
variation. Methods variation may be arise due to machine calibration or quality

assurance / quality control procedures. Lifestyle sources affecting measurements include
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the consumption of food and drinks, smoking, fasting requirements, exercise, and
medication use. Demographic variation is due to age, gender, or race / ethnicity
differences. Lastly, measurements may change due to diurnal variations. For example,
blood pressure may be higher prior to awakening and lower in the evening [37].

2.3.5 Medical Events

A health record consists of medical measurements at different points in time. A
medical event consists of one or more medical measurements. A simple event is a single
measurement. A complex event is a set of simple events for which there is a relationship
among the measurements. Simple events may have linkages to other simple events or to
complex events. Complex events may have linkages to other complex events. Events are
marked with a timestamp, quantifying the time and date that the event occurred. An
example of a complex event is a routine yearly physical exam with a primary care
physician. All of the measurements recorded at the physical are related to one another
and compose a complex event. Another example is diabetes where questions on
numbness or pain in extremities, blood pressure, and several laboratory measures are
important.

2.3.6 Temporal Considerations

Information processing research has long considered time in temporal logics,
database design, query languages, event relationships, medical records, and knowledge-
based decision-support systems [38, 39]. Temporality is defined as a time-frame over
which a fact is true, establishing relationships among data or events [40]. A general

temporal model consists of two elements: a time-line and the time unit. A time-line is
12



partitioned into chronons, which are the shortest meaningful time unit [41]. Chronons
may be viewed in three different ways. First, there is a time point or time instance, which
is a single chronon on a time line. Second, there is the time period, which is the
difference between two time points. Lastly, there is the time interval that is a length of a
segment along a time-line that is not fixed on a time-line [42]. The time unit defines the
granularity of the chronon. The time-unit is either a continuous, rational, or integer
number [43].

There are numerous pieces of temporal information related to medical
measurements found in a medical record. This includes the time and date for collecting,
processing (e.g., laboratory), shipping (e.g., specimens), and interpreting a measurement.
In the 1970’s, investigators pointed out the need to work with time more completely in
patient’s medical records and database systems [44]. Some of this research defined
temporal query languages, precise definitions of temporal relationships, and overarching
concepts [45, 46]. This work formed the basis for temporal research in medical
reasoning, patient monitoring, clinical guidelines, internal medicine, hepatitis, and
neonatology [39, 47, 48, 49, 50, 51].

2.4 Data Reduction

The definition of data reduction is the process of converting large sets of data into
a smaller number of data points. Data reduction is useful because not all data points are
important for understanding the concept of interest. Mathematically, data reduction is the

transformation of an n-dimensional vector of observed data points or measurements, m =
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(m;, my, ..., m,), to a k-dimensional vector of variables ¢ = (¢}, 1, ..., #;) such that k&<n. In
addition, the transformation from m to ¢ adheres to some criterion [52].

Data reduction methods fall into linear and non-linear methods. Some well-used
linear methods include Principal Component Analysis (PCA) and Factor Analysis (FA).
Non-linear methods include Principal Curves (PC), Multidimensional Scaling (MDS),
and Neural Networks (NN), among other techniques. The linear methods are considered
easier to implement than non-linear methods [52].

PCA is also known as singular value decomposition, the Karhunen-Locve
transform, and the Hotelling transform. PCA has been applied in biology, medicine,
chemistry, meteorology, and the social sciences. PCA is used specifically for data
reduction. Conversely, FA is used to uncover 'latent' factors in a dataset and for
exploratory research [52, 53, 54].

2.5 Similarity

Similarity is also known as communality, dissimilarity, distance, proximity, and
resemblance [55, 56]. Similarity is the basis for classification and is defined to be the
amount of resemblance between two individuals or objects based on the distinct
information pertaining to the variables (i.e., features) of the individuals [57]. Similarity
coefficients have been applied to several fields such as manufacturing systems, plant
breeding, seed bank management, high throughput screening of chemical datasets, and
determining the molecular markers of genetic relationships between individuals [58, 59,

60, 61].
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One study investigated the cell formation (CF) problem in manufacturing
systems. Cell formation is concerned with grouping parts or machines that are similar
into product families to improve the manufacturing process. This study found similarity
coefficients to be more flexible than other methods for solving the CF problem [58]. An
early application of similarity coefficients to health problems was the classification of
psychiatric patients. This study compared the clinical diagnosis of 46 patients to the
groupings formed using a similarity coefficient. There was 70% agreement between the
application of the similarity coefficient and the previous clinical diagnosis for 46
psychiatric patients [62]. Lastly, multimorbidity is the co-occurrence of two or more
diseases in a single individual [63]. A study investigated the clustering of multimorbidity
to determine if it improved the quality of chronic disease management and the
implementation of evidence-based guidelines for patients with multiple chronic diseases.
Their research utilized similarity to classify individuals with two or more chronic
conditions into six clinically useful multimorbidity clusters [64].

The earliest known similarity coefficient was defined in 1901 by Jaccard who,
investigated botany and plant physiology [65, 66]. There exist several other categories of
techniques to determine similarity, or distance, between objects. These techniques,
described in the next few sections, are geometric distances, ontological models, and
feature-based models [57, 68, 69, 70, 71, 72, 73, 74, 75, 76].

2.5.1 Geometric Distances

Geometric distances assume that object features lie in a multi-dimensional

geometric space, as illustrated in Figure 1. Thus, for two objects A and B, the judged
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distance between these objects is defined as J(A, B)= g[d [(A, B)]] where g is a "suitable

monotonically non-decreasing function" [67, page 872].
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Figure 1.Conceptualization of geometric distances.

Geometric distance models have some limitations. First, it is assumed that object
features are located in a multi-dimensional geometric space. This is not true however for
nominal or ordinal categories and thus these types of measurements do not allow for
meaningful distance computations.  Secondly, some of the geometric distance
computations may be adversely affected by very large differences in a single variable,
even if that variable is not a highly important one. For example, if two sets of
measurements were similar on all elements except for one measure that has a very large
difference these two sets might be very computed to be far apart. Thus, this one medical
measurement could skew the distance calculation even if the other medical measurements

have very small differences.
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2.5.2 Ontological Models

Medical ontologies, such as ICD-9 and SNOMED-CT®, are used to code medical
measurements. Distances on an ontology are computed by traversing the ontology and
counting the number of edges between two codes that are being compared. For example,
as illustrated in Figure 2, if one person has a medical measurement that is represented by
node m and another person has a medical measurement represented by node [, than the
computed distance between the two nodes is seven. Several different examples for
computing models have been developed for ontological distances and have been
described in the literature [68, 69, 70, 71, 72].

Ontology based models also have limitations. First, medical record coding is
susceptible to the coder and the precision used. Thus, coding errors introduced into the
medical record might obfuscate path distances. Secondly, these models only consider a
single measurement and no extension has been made for combining multiple concept

distances together to compute an overall distance between objects.

Figure 2.Computing object distance by traversing an ontology.
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2.5.3 Feature-Based Models

Conceptually, feature-based models (FBM) consider the features in common and
the features unique to an object. FBMs are computed using combinations of the set of
common features, a, the unique features, b and c, and the features not contained by either

object, d, as illustrated in Table 1 [73].

Table 1.Feature-based similarity.

Object B
) Does not
Contains .
Contain Total
Feature
Feature
) Contains Feature a b a+b
Object A .
Does not contain feature c d c+d
Total a+c b+d atb+c
+d

FBMs use binary attributes to compute similarity. As shown in Equation 1 the
Jaccard coefficient (JC) computes the ratio of the number of features in common (i.e.,
intersection) between two objects and the total number features in common plus the
number of features possessed uniquely by each of the two objects (i.e., union). The

attributes of this coefficient, a, b, and c are illustrated in Table 1.

Jaccard a Where: (1)
Coefficient: - m a = number of features in common
b = number of features possessed by
1* object
¢ = number of features possessed by
2" object
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Table 2 lists several FBMs described in the literature [74, 75]. There use does not
appear to offer any substantive benefit for this application over JC. One disadvantage of
JC is that it does not account for differences between objects. Thus, two objects with the
same number of objects that have the same number of features in common are considered

similar even though they may have several features, which are different.

Table 2. Feature-based model variations.

Similarity Coefficient Definition

Jaccard a/(a+b+c)

Russell and Rao a/(a+b+c+d)

Hamann ((a+d)-(+c)/(a+b+c+d)
Dice 2a/(2a+b+c¢)

Sneath and Sokal 2@+d)/2a+d)+ (b+c))
Rogers and Tanimoto (a+d)/((a+d)+2(b+c)
Ochiai al/sqrt((a+b)(a+c))

Yule (ad —bc) / (ad +bc)

Kulczynski (a/ (atb) + a/(a + ¢))/2

Pearson Phi (ad-bc)/sqrt((a+b)(a+c)(d+b)(d+c))
Simple Matching (a+d)/(a+b+c+d)

2.5.3.1 Tversky Feature Contrast Similarity Model

Tversky suggested using a set-theoretical approach known as the feature contrast
model. The Tversky Feature Contrast Model Coefficient (TFCMC) computes similarity
as a linear combination of the common and unique features of individual objects. Thus,
for two objects A and B, there is a similarity function S; non-negative set functions f and g
that define the weights of individual features and how they are combined; and two

constants 0, a, f > 0 such that [76]:

S(A,B) = 0g(AnB) — (af(A—B) + Bf(B—A4)) (2)
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In TFCMC if 6 # 0 and a = B = 0, than the model reduces to a measure of the
common attributes between A and B. Similarly, if 8 = 0, a = f TFCMC reduces to a

measure of the distinction between A and B. TFCMC is illustrated in Figure 3.

I ANB

fi fa S(A,B) = B(ANB) — a(A-B) — B(B-A)
b (A 7\ S(AB)=0) - o) - B(O)

. ? f; fa fo S(A,B) =-11 for 6=a=p=1

3 fs

/ / fio fii fr
A fis fis  fis \ B
B \ /

Figure 3. Tversky Feature Contrast Model Coefficient.

2.5.4 Gower’s Model

In 1971, Gower proposed a different similarity coefficient that could
simultaneously use variables of different measurement scales [57]. Gower computed the

similarity between two objects, A and B, as follows:

(i S(A,B)kj

(ZPZW(A, B)kj

For nominal or ordinal data S(A,B), = 1 when the feature values are the same and

S(A,B)= ©)

0 otherwise. For interval or ratio data S(A,B); = 1 - | far _ fgx | / Rk such that fax and fgy
are the values of the features for objects A and B; Ri equals the range for feature k across
all objects (i.e., persons). In essence, this function scales the real valued features. A

second feature of the Gower coefficient (GC) is the denominator, W(A,B);, which is a
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type of binary weighting variable. It takes a value of 1 when the comparison between
feature fax and fgy, for objects A and B, is considered valid. Otherwise, it is equal to 0.

2.5.5 Feature Weighting

Weighting is defined as modifying a feature to make it more or less important in
the computation of a similarity coefficient. JC and GC do not utilize weighting. TFCMC
utilizes three different weighting factors, namely 60, a, and . These factors can be used to
emphasize common features or dissimilar features. For example, a larger value of 0
relative to o and P will increase the effect of common features rather than dissimilar
features.

Early work on weighting argued against feature weights, as there might not be an
a priori reason to weight positive matches more heavily than non-matches. However, if
there are good theoretical reasons for weighting a feature, than it can be utilized. The
weight selected will depend upon the nature of the problem and a sense for the
importance of matches [73, 77, 78].

2.6 Summary

This chapter contains a literature review of the societal shifts that have arisen due
to the growth of broadband penetration and use of the Internet. These changes offer a
mechanism to provide social support for individuals with health conditions. As
individual medical measurements become available electronically and ubiquitously, the
measurements can be utilized to compute similarity between individuals. Due to the type
and myriad of measurements possible for grouping, techniques can be used to reduce the

set of measurements to those that explain the most variation in a dataset. A related factor
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is to filter the dataset to those individuals that align temporally or meet other criteria. In
essence, such groupings result in SHNs. Chapter 3 describes the computational model
for grouping individuals in SHNs and two example simulations that will be used to

demonstrate the computational model.
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Chapter 3  Social Health Network Computational Model

This dissertation proposes a computational model for creating SHNs from medical
measures. The purpose of the SHN computational model is to group a candidate
individual with others who are computed to be similar. As illustrated in Figure 4, the
SHN computational model progresses linearly through filtering, data reduction, and
similarity. This chapter will describe the steps in the computational model, criteria for

selection of a simulation dataset, and a description of the simulation examples.

Filtering . Data Reduction . Similarity

Figure 4. SHN computational model.

3.1 Filtering
The first step in computational model is to filter out individuals from the dataset
to be matched with the candidate. Implementation of a filter is done with rules. The
rules are declarative statements that in affect constrain the individuals that may be used
for grouping with the candidate. A rule is a declarative statement as shown in equation 4.
The predicates of R, (P;,P>, ...,Pj), are operators used to express the logic of the filter.
The operators are typically {>, <, #, =, >, <}. Filtering is O(N), where N is the number of

records in the dataset.

R:If (PLAP, ... A P]) then {Retain | Delete} (4)

23



Filtering is computed in two ways. First, the database is filtered according to
demographic information such as age ranges, gender, and geography. Secondly, the
database is filtered according to temporal criteria delineating when medical events or
measurements must occur. For example, a candidate with elevated total cholesterol may
be grouped with an individual having a similar diagnosis during the same time period.
Total cholesterol measurements less than 200 are considered desirable [79]. Figure 5
illustrates this situation with a temporal overlap between the candidate and an individual
who is a potential match based on a similar total cholesterol value.

A complex event consists of the co-occurrence or progression of multiple health
factors. This introduces two temporal relationships. First, the health factors related to a
condition may occur simultaneously or in some natural order. For example, a condition
such as metabolic syndrome requires the co-occurrence of six different health conditions
[80]. Secondly, there is the temporal relationship between individuals as described

previously with the simple event.

TCHOL= 185 TCHOL=260

Candidate - -

Figure 5. Simple events with temporal overlap.

Temporal ordering of measurements is characterized using a temporal interval

logic such as that defined by Allen [81]. Between any two measurements or events there
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are 13 relationships, as illustrated in Table 3. These relationships establish a set of

temporal filtering rules to restrict individuals that can be matched with the candidate.

Table 3. Temporal relationships in Allen's Algebra.

Relation Symbol  Inverse Symbol Example
X before Y < > XXX YYY
XXX
X equal Y = = YYY
X meets Y m mi XXXYYY
. XXX
X overlaps Y 0 oi YYY
. . XXX
X during Y d di YYYYYY
. XXX
X starts Y S s YYYYYY
. . XXX
X finishes Y f fi YYYYYY

3.2 Data Reduction

The second step in the computational model is data reduction. Data reduction is
used to improve the efficiency in computing the SHN by reducing the number of
measurements used to compute similarity. PCA is used specifically for data reduction
[52], has been used in health research [53], and is therefore used in this dissertation.

PCA takes independent measurements and reduces them to a smaller set of
elements known as principal components (PC). The PCs are uncorrelated and represent
most of the information in the original set of measurements [54]. The goal of PCA is to
summarize the interrelationships for a set of measurements with a smaller set of

uncorrelated orthogonal PCs that are linear combinations of the original measurements
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[82]. The PCs explains the maximum amount of variance possible in the observed
measurements with a smaller set of linearly transformed variables [52, 54]. If only a few
principal components explain a high proportion of the variance in the observed variables
and only a few of the measurements are highly correlated with these PCs, than the dataset
may be reduced with a small loss of information. PCA is essentially based on the
assumption that a smaller number of variables are responsible for the co-variation of the
observed measurements.

Principal component analysis uses a correlation matrix from a set of data, in this
case a set of observed measurements in a population. The aim of PCA is to reproduce
this correlation matrix with the PCs, such that fewer PCs are needed to construct the
correlation matrix. As illustrated in Table 4, each cell of a correlation matrix consists of
the Pearson Product Moment Correlation (PPMC) between two different measurements.

The PPMC is computed as shown in equation 5.

W=y -9)
N—-1 _ Sy

Tyy = = ,
Jvar(x)var(y) /s)%sf,

x = an individual observation of measurement X
X = mean for measurement X

y = individual observation for measurement Y
y

= mean for measurement Y
N = number of paired observations for measurement X and Y

Y- ®)?
- N-1

var(x) = sZ

(5)
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Table 4. Sample population correlation matrix for all measures.

my nmy m3 my
mj 1.0 rml,mz rml,m3 rml,m4
m; rmz, my 1.0 rmz, m3 rmz, my
m3 Tmymy | Fmgm, 1.0 Ty my
my Tmymy | Tmymy | Tmymy 1.0

PPMC has a range of -1.0 to +1.0 since it is standardized by the variance of each
measurement. When r,, assumes a positive value, this indicates a direct relationship
between two measurements such that the two measures are both increasing together;
conversely, a negative value indicates an inverse relationship such that one measure is
increasing while another measure is decreasing; and values close to zero indicate no
relationship. The higher the absolute value of the correlation the stronger the relationship
is between two types of measurements. An absolute value of ry, between .50 - .69 is a
moderate strength of relationship, between .70 - .89 is considered a strong relationship,
and between .90 — 1.00 is considered a very strong relationship [53].

PCA finds a solution to the characteristic equation of the correlation matrix.
Solving this equation results in eigenvalues, representing the variance in the
measurements. Associated with the eigenvalues is an eigenvector, which contains
weights, or loadings, associated with each item in the correlation matrix. The loadings
represent the correlation of the item with a PC. The sum of the loadings is equal to the
total variance that is explained by a PC. Similarly, since the total variance is known, the

proportion of the total variance explained by a PC is equal to the sum of the loadings on a
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PC divided by the total variance, where the total variance is equal to the number of
measurements [53].
3.3 Similarity

The third element of the computation model is to compute the similarity between
a candidate individual and other individuals. As discussed in Chapter 2, the geometric
and ontological similarity coefficients are not suitable for computing similarity using
medical measurements because they are restricted in the type of measurement data that
can be used, may be adversely affected by single features, or the computational
techniques have not been refined for multiple measurements. As a result, the Jaccard
Coefficient (JC), the Tversky Feature Contrast Model Coefficient (TFCMC), and the
Gower Coefficient (GC) are used and compared.

GC is appealing since it is computed on the raw data and can use all measurement
categories directly. Conversely, a drawback of JC and TFCMC is that they operate on
binary datasets. In order to accommodate the binary requirement, each measurement
must be recoded to a binary value, which discerns whether the measurement associated
with an individual is considered equivalent to the candidate.

3.3.1 Tolerance Ranges

Measurements of the same type from two different individuals can be an exact
match. However, it may also be the case that these two values may differ but still be
considered equivalent from a clinical perspective. For example, an individual with a
blood pressure of 110/80 and another with 115/80 would both have normal blood

pressure. However, if JC or TFCMC is used, than these two individuals would not be
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considered a match unless some procedure is used to account for the blood pressure
readings being essentially the same.

There are two approaches to this problem. The first approach is to define a
percentage-based tolerance range (PBTR). A PBTR is determined by a tolerance level, 1,
which is defined for the set of measurements. The tolerance level establishes a lower and
upper value for each measurement. This establishes the range of values for a
measurement that are considered equal to the candidate's measurement value. As shown
in equation 5, the tolerance range for the jth measurement is determined by the value of

that measurement for the candidate, c, and the tolerance level t.

Ty = (mej+ (1= 1), me; + (1+71)) (5)

For example, assume a tolerance of 20% is used for body weight. If the
candidate's body weight is 200 pounds, than the PBTR for body weight is 7;= (180, 220).
Thus, an individual with a body weight in this range is considered similar to the
candidate for this feature. Conversely, someone with a body weight of 245 is not
considered similar to the candidate for this feature.

The second approach is to set a cut point tolerance range (CPTR) for each of the
medical measures. Often a medical measure has a clinically relevant cut-point, which
establishes a threshold between healthy and un-healthy values. For example, the National
Heart Lung and Blood Institute Obesity Education Initiative defined six classifications
for body mass index (BMI). These classifications are cut points ranging from less than

18.5 kg/m2 for underweight, 18.5 - 24.9 kg/m2 for normal weight, to greater than or equal
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to 40 kg/m2 for extreme obesity [83]. Thus, for a candidate with a BMI value of 22 the
CPTR, T;= (18.5, 24.9).

Both the PBTR and the CPTR approaches can be applied to interval and ratio
data. For ordinal data, a tolerance range can be chosen as a range on the ordinal scale of
potential values. For example, Figure 6 illustrates a question on mental health. The
responses are ordered in ascending order of intensity. If the candidate person forming the
social health network responds to this question with item response two, than they prefer
to be grouped with people who have the same response or perhaps a subset of the
possible categories. For instance, the tolerance set might be categories 2 and 3,

represented as T = (2, 3).

Ower the last 2 weeks, how often have yvou been bothered by the following
problems: feeling down, depressed, or hopeless?

. Not at all
. Several davs
. More than half the days

. Nearly every day

o]

Lad [l =

Figure 6. Ordinal measurement type.

For nominal data, there are two approaches. First, each response category of a
nominal data item that the candidate possesses may be converted into an independent
item. For example, if the nominal data item is a checklist of the prescription medications
used by an individual this can be converted into 10 binary data items on the usage of each
specific medication (e.g., using Lipitor / not using Lipitor, using aspirin / not using

aspirin). Disuniting each element of a nominal data item in this manner has the
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possibility of overwhelming the similarity computation. An alternative approach for
nominal data is to associate a tolerance with this feature such as "X out of the Y nominal
categories must be the same" for the binary data item to show agreement between the
candidate and another individual. This would preclude the possibility of overwhelming
the similarity computation by a disunited single nominal variable.

3.3.2 Similarity Computation

For a dataset of individuals I = {I, I, ... I} each with a set of measurements M =
{mj, m, ... mx} an NxN similarity matrix can be computed between each pair of objects.
This is O(N?). The computation can be simplified under three conditions. First, pair-wise
computation of an object with itself is (i.e., on the diagonal) is not needed. Second, it is
reasonable to assume that there is a symmetric relationship between two objects, thus

S(A,B) = S(B, A). Under these two conditions, the computation is reduced to the lower

2

half of the matrix and thus there are 5 computations. Note, that the objective of

this work is for a candidate individual to be matched with similar individuals. As such,
the computation can be reduced to O(N) since only the similarity coefficient between the
candidate and the other N-1 individuals must be computed. An example similarity matrix
is illustrated in Table 5. Assuming I; is the candidate than only the first column of the

matrix needs to be computed.
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Table 5. Example similarity matrix for five individuals.

L I I I4 Is
I i - i i i
L | S, 1)) - - - -
I; | S5, 1) | Sz, I - - -
Iy | SU4 1) | Sy, L) | Sy, 1) - -
Is | SUs, 1) | SUs, ) | Ss, I3) | S(s, 14) -

3.4 Dataset Selection Criterion
A dataset of medical measurements is necessary to simulate the computational
model. Eight criteria, as outlined in Table 6, are used for the selection of a suitable
simulation dataset. Meeting these criteria reduces the likelihood of bias resulting from
Furthermore, the dataset

limited scope, size, demographics, or geographic coverage.

must be free, publicly available, and free of needing approval from institutional review

board.
Table 6. Dataset selection criteria.
Criterion Description
1. Scope Includes laboratory, physical measures, and

self-reported data.

All ages and genders represented.

Large number of individuals represented.
Broad geographic coverage.

Publicly available dataset.

Necessity of IRB permission to use the
dataset.

Thorough documentation is available.
Measurements are current.

2. Demographics

3. Sample Size

4. Geographic Coverage

5. Public Use

6. Institutional Review Board
(IRB)

7. Documentation

8. Recentness
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3.4.1 Candidate Datasets

The United States National Institutes of Health (NIH) and the United States
Centers for Disease Control and Prevention (CDC) operate clinical trials, cross-sectional
studies, and surveillance activities either through intramural or extramural research.
Three study datasets, from NIH and CDC, are evaluated against the dataset selection
criteria in Table 6. These studies are the Framingham Heart Study (FHS), National
Health and Nutrition Examination Survey (NHANES), and National Health Interview
Survey (NHIS).

The FHS began in 1948 with the goal of determining the contributing factors in
cardiovascular disease (CVD). There have been six different iterations of FHS. The
initial cohort included 5,209 men and women ages 30 to 62 from Framingham,
Massachusetts. This cohort enrolled individuals who had not yet developed symptoms of
CVD, suffered a heart attack, or suffered a stroke. This study has identified significant
CVD risk factors as well as relationships between phenotypic and genotypic data [84].

The NHANES is a nationally representative cross-sectional survey of the non-
institutionalized population of the United States. Each year the NHANES enrolls
approximately 5,000 individuals of all age ranges, genders, race, and ethnicities. Study
participants participate in an interview in their home. After the home interview, a
participant receives an extensive physical exam at one of three mobile examination

centers. Content on the study includes cardiovascular disease, environmental exposures,
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eye disease, kidney disease, obesity, physical fitness, physical functioning, and many
other health indicators [85, 86].

The NHIS is a nationally representative cross-sectional survey of the non-
institutionalized population of the United States. Each year the NHIS enrolls
approximately 87,500 individuals of all age ranges, genders, race, and ethnicities. The
study participants respond to an extensive household interview on basic health, health
conditions, health utilization, chronic conditions, physician contacts, and hospitalization
[87, 88].

3.4.2 Evaluation of Candidate Datasets

Table 7 illustrates the application of each criterion to the candidate datasets. Of
the three candidate datasets, NHANES meets all eight criteria, NHIS meets seven of
eight criteria, and Framingham meets five of eight criteria. Therefore, the SHN

simulation uses the NHANES dataset.

Table 7.Application of dataset criterion to candidate datasets.

Criterion NHANES NHIS Framingham
1. Scope Yes No Yes
2. Demographics Yes Yes Yes
3. Sample Size Yes Yes Yes
4. Geographic Coverage Yes Yes No
5. Public Use Yes Yes No
]63 .OI;idtltutlonal Review Yes Yes No
7. Documentation Yes Yes Yes
8. Recentness Yes Yes Yes
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3.4.3 Missing Data

Surveys such as NHANES may have missing data for some individual's
measurements. This can arise because individuals refuse to participate in the survey or
because they refuse to participate in portions of the survey [89]. Missing data affects two
elements of the computational model. First, it affects the data reduction piece, as PCA
requires complete records for computation. However, PCA will automatically remove
incomplete records to determine the variance structure.

Secondly, similarity computation needs to account for missing data.
Conceptually, it is unknown if a measurement is missing because it was never observed
or recorded, it is a feature that does not exist for an individual, or some other reason. The
reasons for missing data are not encoded in the NHANES database and therefore it
cannot be concluded that a person with a missing measurement has a value similar to the
candidate. In this research, missing data is re-coded to NULL and is considered different
from the candidate’s measurement.

3.5 SHN Simulation

Publicly available data from NHANES 1999-2003 is used in the simulation. The
dataset includes 31,124 individuals at birth age and older. This dataset comprises
measures related to self-report questions on health, physical measures, and the results of
laboratory tests [90, 91, 92]. The simulation is evaluated with two examples; the first is

on type 2 diabetes and the second is on chronic kidney disease (CKD).
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3.5.1 Example 1: Type 2 Diabetes

Type 2 diabetes (T2D) usually occurs in individuals who are older, obese, or
lacking in physical activity. It occurs as insulin resistance such that the muscle, liver, and
fat cells do not use insulin properly. As a result, the body needs additional insulin to get
glucose into cells for energy [93]. T2D can be controlled with healthy eating habits,
physical activity, weight loss, and for some individuals, with the use of medications [94].

A primary risk factor for type 2 diabetes is age, with those individuals over 45
being at increased risk. Some other risk factors associated with type 2 diabetes are
abdominal obesity, ethnicity, HDL values lower than the normal range, history of
gestational diabetes, hypertension, insulin resistance, overweight, physical inactivity, and
a family history of diabetes [95, 96].

Symptoms of Type 2 diabetes include infections, blurry vision, and tingling or
numbness in the hands and feet [97]. There are numerous health effects resulting from
diabetes such as cataracts, glaucoma, or retinopathy; foot ulcers, amputations; hearing
loss; heart disease, or hypertension; nervous system diseases; skin infections; or stroke
[97, 98, 99].

Diabetes is diagnosed with a fasting plasma glucose (FPG) test, a regular plasma
glucose test or an oral glucose tolerance test (OGTT). All three tests assess the level of
glucose in the blood. A normal value is less than 100 mg/dL for people without diabetes.
Values between 100 and 125 mg/dL is labeled as "impaired fasting glucose", while values
greater 125 mg/dL are given a label of "provisional diagnosis of diabetes". A non-fasting

plasma glucose test may also be used. If the value from this test is above 200 mg/dL,
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than an individual may have diabetes. Confirmatory tests are usually required [100, 101,
102].

Type 2 diabetes is monitored with laboratory tests such as total cholesterol, HDL
cholesterol, LDL cholesterol, triglycerides, and insulin [103]. Many of the type 2
diabetes related self-reported questions, physical measures, and laboratory tests are
available in the NHANES dataset. Table 15 lists the measurements used for the diabetes
simulation.

3.5.2 Example 2: Chronic Kidney Disease

The primary purpose of the kidneys is to remove and adjust waste products, water,
and chemicals. The kidneys also help to control blood pressure, make red blood cells,
and maintain bone health. Chronic kidney disease (CKD) is defined as damage to the
kidneys from a physical injury or a disease such as diabetes. CKD is a progressive
disease, which gets worse over time such that the kidney function decreases. Eventually,
in the final stage the kidneys are failing and may either need dialysis to filter the blood or
a kidney transplant [104].

There are numerous risk factors associated with CKD. These include illnesses
such as diabetes, hypertension, cancer, hepatitis C, and urinary tract infections [104, 105,
106]. Symptoms associated with CKD are tiredness, loss of appetite, swelling in the feet
or ankles, dry skin, and increased frequency of urination [107]. The major complications

from CKD are dialysis and kidney transplant [104].
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CKD is operationally defined as either kidney damage for at least three months or
a glomerular filtration rate (GFR) less than 60 mL/min/1.73 m? for at least three months
without kidney damage. In addition, the National Kidney Foundation® CKD delineates
by five different CKD stages. Stages 1 through 4 have progressively lower GFR values
and thus decreased levels of kidney function. Stage 5 is considered the worst stage as a
person is in kidney failure and has a GFR value less than 15 [108].

While the primary measurement to diagnose and monitor CKD is GFR, there are
numerous other laboratory tests using, blood or urine specimens, for detecting and
diagnosing kidney damage. These tests include proteinuria, albuminuria, blood urea
nitrogen, serum creatinine, hematocrit, hemglobin, phosphorus, and potassium [109,
110]. In addition, other risk factors for CKD are high blood pressure, cardiovascular
disease, and diabetes [111].

3.5.3 Simulation Software

The computational model and software for the simulation runs on a Hewlett-
Packard model p6210y personal computer with an AMD Athlon ™ II X4 620 Processor.
The processor runs at 2.60 GHz and there is 6GB of installed RAM. Windows 7 64-bit
operating system is installed on the personal computer. Filtering and data reduction is
computed with software written in the SAS Statistical Software v9.1. Similarity is

computed with software written in Java.
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Chapter 4  Results

The SHN computational model is simulated with two examples, namely T2D and
CKD. One dataset was prepared for each example by merging several datasets from
NHANES 1999-200, NHANES 2001-2002, and NHANES 2003-2004. The T2D dataset
includes 28 medical measurements while the CKD dataset includes 41 medical
measurements. The simulation is examined from two different perspectives: 1) reduction
in the record and feature space resulting from filtering and PCA, and 2) the correlation
between the three similarity coefficients.
4.1 Filtering
T2D and CKD occur mostly in adults, thus the datasets were filtered in the first
stage for individuals ages 20 and above. This resulted in the original dataset of 31,124
individuals being reduced to 49.2% of the original size. The dataset does not include
temporal information due to confidentiality and disclosure concerns. Therefore, temporal
matching is not utilized for this problem.
4.2 Data Reduction
The second step in the process is to conduct the principal component analysis
(PCA) to reduce the scale of the feature space (i.e., medical measures). Figures 7 and 8
show the value of the principal components for T2D and CKD. For T2D the first 11
principal components (PC) are greater than 1.0. For CKD the first 12 PCs are greater
than 1.0. Figures 9 and 10 show the unique and cumulative proportion that each PC

contributes to the overall variance. For T2D the first 11 PCs uniquely contribute between
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3.8% and 12.2% of the overall variance. For CKD the first 12 PCs uniquely contribute
between 2.7% and 14.1% of the overall variance. In addition, the T2D and CKD PCs
cumulatively contribute 70.7% and 78.4% to the overall variance. Thus, following the

criteria for selection of PCs the first 11 T2D and first 12 CKD PCs are used for data

reduction.
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Figure 7.Type 2 diabetes principal component values.
Figure 2. CKD Principal Component Values
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Figure 8.Chronic kidney disease principal component values.

40



100%
80% — Leec**’
60% = ."... == e= |Inique Proportion
40% .,-'.. sewses Cumulative Proportion
20%
) < -
0% T T T T |-| -I |-| -I |- T -I |- T e p e e e s ]
1 5 9 13 17 21 25
Principal Component

Figure 9.Type 2 diabetes principal component unique and
cumulative proportions.
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Figure 10.Chronic kidney disease principal component unique and
cumulative proportions.

Figure 11 shows 18 of the original 28 measures related to T2D. Fourteen of these
measures have a loading of 0.70 or greater on a PC. Four measures are loaded very close

to 0.70 and are thus retained. Figure 12 shows 20 CKD measures where the absolute

41



value of the loading is 0.70 or greater. One measure, urine albumin (URXUMA) loaded
very close to 0.70 and is considered in the analysis, as it is known to be related to CKD.
In addition, although GFR has a load of 0.484 it is maintained in the next step of the
computation since it is known to be an important marker for CKD. This results in 22
measurements being retained for the CKD similarity computation. Thus, PCA reduces

the measurement space for T2D and CKD by 35.7% and 43.9%, respectively.

BMXWAIST
BMXBMI
LBDLDL
LBDHDL
LBXTR
BPXSY1
URXUMA
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FAMDIA
DIQ080
LBXSPH

Figure 11.Type 2 diabetes loadings.

Figure 6. Loading on CKD Measurements
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Figure 12 Chronic kidney disease loadings.
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4.3 Similarity

Similarity coefficients are computed in the third step of the model. TFCMC, JC,
and GC are used. For the TFCMC and JC the binary datasets are computed with PBTRs
of 5%, 10%, 25%, and 50% as shown in Tables 8 and 9. The PBTRs for each
measurement (i.e., variable) are calculated as described in equation 5. Thus, in the T2D
example the candidate has a body mass index measurement (BMI) of 27 and a 5% PBTR
of (26.201, 28.959). As the tolerance level increases the tolerance range around each
measure becomes larger. For categorical data, individual categories may be selected; for
ordinal data, ranges may be selected. FAMDIA is an example of a categorical
measurement which can be coded with value of zero or one. A zero represents a
candidate whom does not have a family history of diabetes. In T2D example, the
FAMDIA PBTR range across all tolerance levels is essentially (0,0).

For the CPTR approach, the tolerance range used is one that is medically relevant.
For example, the T2D candidate has a BMI measurement of 27.5 and a systolic blood
pressure reading of 120. The literature describes a BMI of 27.5 to be in the overweight
classification range of 25.0 — 29.9 [83]. Thus, the CPTR for BMI is (25, 29.9). Similarly,
systolic blood pressure is considered normal if it is less than or equal to 120 mmHg. The
candidate's blood pressure is exactly 120, so the CPTR can be set as less than or equal to
120 mmHg.

Tables 10 and 11 delineate the CPTRs for the T2D and CKD examples. For

several measurements, the literature describes a CPTR delineating healthy and unhealthy
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levels (refer to the references noted in Tables 10 and 11). Some measurements do not
have a specific set of cut points for healthy and unhealthy values. Instead, these
measurements have a reference range that denotes where the values of the measurement
fall for a large percentage of the population. All reference ranges for these measurements
are consistent with the age of the candidate and are inclusive of differences between

males and females.

Table 8.Percentage-based tolerance ranges for type 2 diabetes

measures.

7=5% 7=10% 7=25% 7=50%

Variable | OU% | Min | Max | Min | Max | Min | Max | Min | Max
Value

BMXBMI 275| 262| 289 248 303| 206| 344|13.7| 413
BMXWAIST | 101 | 959 [106.0| 909 | 111.1 | 75.7 ] 1262|505/ 1515
BPXSY1 120 114 126] 108] 132 90| 150] 60| 180
LBXGH 741 70] 777 66| 8.14| 55| 925| 37| 111
LBXGLU | 178.4]169.4 | 187.3 | 160.5 | 196.2 | 133.8 | 223 [89.2 | 267.6
LBXTC 167 | 158.6 | 175.3 | 150.3 | 183.7 | 125.2 | 208.7 | 83.5 | 250.5
LBDHDL 32| 304 336| 288 352 24| 40| 16| 48
LBXTR 218 [ 207.1 | 228.9 | 196.2 | 239.8 | 163.5 | 272.5 | 109 | 327
LBDLDL 92| 874 966| 828[101.2] 69| 115| 46| 138
URXUMA 264 250 277 237] 290 198 33|132] 396
LBXSGL 179 | 170.0 | 187.9 | 161.1 | 196.9 | 134.2 | 223.7 | 89.5 | 268.5
LBXSPH 26| 24| 27| 234 28] 195] 325| 1.3] 39
LBXSKSI 38| 36| 40| 35| 427| 291 48| 19| 58
LBXHGB 17] 161 ] 178 153] 18.7] 12.7] 212 85| 255
LBXHCT 51.1] 485 536 459 56.2| 383 | 63.8[255] 76.6
DIQ0S0 1 1 1 1 1 1 1| 1 1
DIDO60MN 0 0 0 0 0 0 ol o 0
FAMDIA 0 0 0 0 0 0 ol o 0
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Table 9.Percentage-based tolerance ranges for chronic kidney

disease.
7=5% 7=10% 71=25% 7=50%
Variable Orig. Min Max Min Max Min Max Min Max
Value
BMXBMI 374 35.5 39.3 33.7 41.1 28.0 46.8 18.7 56.1
BMXWAIST 120 114 126 108 132 90 150 60 180
DIDO60MN 0 0 0 0 0 0 0 0 0
DIQO050 2 2 2 2 2 2 2 2 2
FAMDIA 0 0 0 0 0 0 0 0 0
FAMHYP 0 0 0 0 0 0 0 0 0
GFR 58.0 55.1 60.9 52.2 63.8 43.5 72.5 29.0 87.1
KIQ020 2 2 2 2 2 2 2 2 2
LBDHCV 2 1.9 2.1 1.8 2.2 1.5 2.5 1 3
LBDHDL 52 494 54.6 46.8 57.2 39 65 26 78
LBDLDL 175 | 166.2 | 183.7 | 157.5| 1925 | 131.2| 218.7 87.5| 262.5
LBXGH 7.1 6.7 7.4 6.3 7.81 5.3 8.8 3.5 10.6
LBXGLU 2059 | 1956 | 216.1| 1853 | 2264 | 1544 | 2573 | 1029 | 308.8
LBXHCT 44.9 42.6 47.1 404 49.3 33.6 56.1 22.4 67.3
LBXHGB 14.6 13.8 15.3 13.1 16.0 10.9 18.2 7.3 21.9
LBXRBCSI 5.7 54 6.0 5.1 6.3 4.3 7.2 2.8 8.6
LBXSBU 23 21.8 24.1 20.7 25.3 17.2 28.7 11.5 34.5
LBXSCR 2 1.9 2.1 1.8 2.2 1.5 2.5 1 3
LBXSGL 199 | 189.0 | 208.9 | 179.1 | 218.9 | 149.2 | 248.7 99.5 | 298.5
LBXTC 272 | 258.4 | 285.6 | 244.8 | 299.2 204 340 136 408
PAINNUMB 1 1 1 1 1 1 1 1 1
URXUMA 31.7 30.1 33.2 28.5 34.8 23.7 39.6 15.8 475

45




Table 10.Clinically relevant cut-point tolerance ranges for diabetes

measures.
Measure Original
Variable g Cut-point Tolerance Range
Value
Name
BMXBMI 27.58  >25is overweight, thus 25 - 29.9 is used [83].

Higher risk category is > 88 for women and >

BMXWAIST 101 101 for men, thus > 88 is used [112, 113].

BPXSY1 120 < 120 normal [114]
LBXGH 7.4 >5.2% [115]

LBXGLU 178.4  >99 is abnormal [116]
LBXTC 167 <200 is normal [115]
LBDHDL 32 <35is atrisk [115]
LBXTR 218 < 250 is desirable [115]
LBDLDL 92 < 130 is desirable [115]
URXUMA 26.4 > 20 is abnormal [117]
LBXSGL 179 > 180 is abnormal [118]

Reference range is 2.8 - 4.1 for women and 2.3 -

LBXSPH 26 37 formen. Thus, 2.3 - 4.1 is used [115].
LBXSKSI 3.89 Reference range is 3.5 - 5.1 [115].
Reference range is 11.7-16.0 for women and
LBXHGB 17 13.1-17.2 for men. Thus, 11.7 - 17.2 is used
[115].
Reference range is 35-47 for women and 39 - 50
LBXHCT 511 for men. Thuf, 35-501s used [115].
DIQO080 1 1
DIDO60MN 0 0
FAMDIA 0 0
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Table 11.Clinically relevant cut-point tolerance ranges for chronic
kidney disease measures.

Measurement Original Cut-Point Tolerance Range
Value
BMXBMI 37.450 Obese range is 30-39.9 and is thus used [83].
Higher risk category is > 88 for females and > 101
BMXWAIST 120 forgmales, thus 2g88yis used [112, 113].
DIDO60MN 0 0
DIQO050 2 2
FAMDIA 0 0
FAMHYP 0 0
GFR 53069 ?{)62]9 is considered a moderate decrease in GFR
KI1Q020 2 2
LBDHCV 2 2
LBDHDL 52 >= 35 not at risk [115]
LBDLDL 175 >= 130 undesirable [115]
LBXGH 7.1 >5.2% [115]
LBXGLU 205.900 > 99 is abnormal [116]
Reference range is 36.1 - 44.3 for females and 40.7
LBXHCT 44.900 -50.3 for male%. Thus, 36.1 - 50.3 is used [119].
Reference range is 11.7 - 16.0 for females and 13.1
LBXHGB 14.600 -17.2 for malfs. Thus, 11.7 - 17.2 is used [115].
Reference range is 4.2 - 5.4 for females and 4.7 -
LBXRBCSI 5760 e s, 4.2 6.1 used [ 1201,
LBXSBU 23 >20 is abnormal [121]
LBXSCR 2 >1.4 is abnormal [122]
LBXSGL 199 > 180 is abnormal [118]
LBXTC 272 >= 200 abnormal [115]
PAINNUMB 1 1
URXUMA 31.700 >20 abnormal [123]
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Tables 12 and 13 and Figures 13 through 16 illustrate the descriptive statistics for
the T2D and CKD examples. TFCMC can produce negative similarity scores when the
majority of measurements between the candidate and another individual are dissimilar.
In both examples, the similarity score at each percentile increases as the PBTR tolerance
level increases. For example, in T2D at the 5% tolerance level and 95th percentile, the
TFCMC similarity score results in a value of negative six; and at the 50% tolerance level
and 95th percentile TFCMC has a similarity score of 14. Thus, higher similarity scores
occur by increasing the tolerance level around a measurement. One must be careful in
setting the tolerance level because high similarity scores can result between a candidate
an individual who is in all likelihood dissimilar. In addition, the cut point tolerance
ranges produce similarity scores at the different percentiles that fall between the 10% and

50% tolerance level in both examples.

Table 12.Type 2 diabetes descriptive statistics.

Percentile

Tolerance - Similarity . 55 50 75 95 Max Mean
Level Measure

5% TFCMC  -18 -14 -12 -10 -6 2 -11.02

JC 0 0.111  0.166  0.222 0.333 0.555 0.193

10% TFCMC  -18 -10 -8 -6 -2 6 -8.365

JC 0 0.222  0.277 0.333 0.444 0.667 0.267

5% TFCMC  -18 -4 0 2 4 16  -1.942

JC 0 0.388 0.5 0.555 0.611 0944 0.446

50% TFCMC  -18 2 6 8 14 18 4.432

JC 0 .556 .667 722 .889 1 .0623

Cut TFCMC  -18 -6 -2 0 4 12 -2.940

Points JC 0 0.333  0.444 0.5 0.611 0.833 0.418

GC 0.056 0.673 0.717 0.841 0.881 0.963 0.689

48



15 et e

10 o° "’/ G
g cesse®® 7 \ *e
g s IPPTLL A & A
(; et __——“‘:‘; s .‘ \.\ AXN
2 0 - PP e P N, R
= 5 S it < NN
E R e -
@ -10 -'."’/r o= = — \:

e
‘15 v &4 ,‘
-20 T T T T T T

Min 25th % 50th % 75th % 95th % Max Mean

—— <5%PBTR = + =10% PBTR === 25% PBTR
ceeees 50%PBTR = = CPTR

Figure 13.Type 2 diabetes TFCMC descriptive similarity statistics.
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Table 13.Chronic kidney disease descriptive statistics.

Percentile
Tolerance Min  25th  S0th  75th  95th  Max  Mean
Level
59 TFCMC -20 -10 -10 -8 -6 4.0 -9.458
JC 0.045 0.272 0.272 0.3182 0.3636 0.590 0.285
10% TEFCMC -20 -8 -6 -4 0 10 -6.129
JC 0.045 0.318 0.363 0.409 0.5 0.727  0.360
5% TEFCMC -20 -2 2 4 8 22 0.142
JC 0.045 0.454 0.545 0.590 0.681 1 0.503
50% TEFCMC -20 6 8 12 16 22 7.045
JC 0.045 0.636 0.681 0.772 0.863 1 0.660
Cut TFCMC -20 -2 2 6 10 22 1.170
Points JC 0.045 0.454 0.545 0.636 0.727 1 0.526
GC 0.153 0.771 0.813 0.866 0922 096273 0.760
25
20 TN
O — SN
§ 0T e _ ==’ .7\~
.:2' g 74"_—‘— S NN
& Rl RN L
E 10 ..//"' e N\
a ../ T
_15 4
-20 .
-25 : : . . : : .
Min 25th % 50th % 75th % 95th % Max Mean
= <5%PBTR == « =10% PBTR === 25% PBTR
------ 50% PBTR = = CPTR

Figure 15.Chronic kidney disease TFCMC descriptive similarity

statistics.
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Figure 16.Chronic kidney disease JC and GC descriptive similarity
statistics.

Figures 13 and 14 illustrate the correlation coefficients between each combination
of similarity coefficients at PBTRs of 5%, 10%, 25%, and 50%. It also illustrates the
correlation coefficient for CPTRs. Both figures show that the correlation strength
between (TFCMC, GC) and (JC, GC) increases as the tolerance level increases. Note
however that (TFCMC, JC) are strongly correlated at all PBTRs and the CPTR. For
(TFCMC, GC), and (JC, GC) the correlation coefficient for CPTR is between the
correlation coefficients at the 25% and 50% tolerance levels in the T2D example. In the
CKD example, the correlation coefficient falls between the 10% and 25% PBTR
tolerance levels. This may result from the implementation of TFCMC since weighting, as

described in Sections 2.5.3.1 and 2.5.5, is not used in computing the similarity score.
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Figure 17.Correlation coefficients associated with type 2 diabetes
similarity coefficients.
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Figure 18.Correlation coefficients associated with chronic kidney
disease similarity coefficients.
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Chapter 5  Discussion

The purpose of this research was to build a SHN computational model for
grouping individuals similar to a candidate individual, based on their medical
measurements. The computational model consisted of filtering, data reduction, and
similarity computation. Different techniques for computing similarity were compared.
This research is significant because, to date, a computational model for the purpose of
automatically creating SHN's has not been defined.

The simulation used a publicly available dataset and successfully demonstrated
that the scale of the problem, in terms of the number of observations and feature space,
can be significantly reduced using filtering and principal component analysis (PCA). In
the examples chosen, filtering for a specific age range reduced the number of
observations by about one-half. This will vary based on the filtering critera and the
population of individuals in the dataset. In the T2D example, the feature space was
reduced from 28 to 18 medical measurements using PCA. Similarly, in the CKD
example the feature space was reduced from 41 to 22 medical measurements. This is a
reduction of 35.7% and 46.3% for T2D and CKD.

The mean similarity scores for TFCMC, JC, and GC all increased as the PBTR
increased. The increased scores imply a higher degree of likeness between the candidate
and each of the other observations (i.e., individuals) in the dataset. The mean similarity
score for TFCMC is low at all PBTRs and with the CPTR. It should be noted however,

that a higher similarity score must be balanced against the tolerance level used with
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PBTRs. Using a high tolerance level may in practice bring dissimilar individuals
together into an SHN. Therefore, caution must be used in setting the tolerance level.

The strong correlation between TFCMC and JC is an unexpected finding as
TFCMC lowers the similarity score due to disimilar measurements. However, JC in
some sense takes dissimilar features into account as well in the denominator (refer to
equation 1). Thus, the two similarity coefficients track together and are thus strongly
correlated. This may not be the case however if TFCMC is weighted.

Similarity computation showed strong positive correlations between JC and GC
for PBTRs of 10%, 25%, 50%, and CPTRs in both examples. For PBTRs at 5% in the
CKD example, (TFCMC, GC) and (JC, GC) showed a moderate correlation. This did not
hold for the T2D example where the correlation was a little bit below a moderate
correlation. Using a 50% PBTR is not likely to be a good approach as it may result in
ranges that cross over many cut points of healthy values for a specific medical
measurement. For example, one person with an unhealthy blood pressure level might
pool with people who have healthy blood pressure levels.

The similarity score results highlight two points. First, in the case of TFCMC and
JC it is important to establish a threshold similirty score for grouping individuals into an
SHN. This may be based on a minimum number of measurements that are considered the
same. Arbitrary assignment of a threshold value should be avoided. Intuitively, one
might consider that at least half the measurements should be equivalent. This would

establish a TFCMC floor of zero and a JC floor of 0.50. An alternative approach is to

54



consider the statistical distribution of the similarity scores and choose those scores at the
95th percentile or higher. In practice, the assignment of a threshold may be based on
empirical evidence. Secondly, GC scales each measurement by the range and is
conceptually appealing as it is desgiend to work with mixed data types. It is true that as
the GC score increases two individuals are considered more similar. However, it is not
clear how the scores are to be interpreted and thus GC presents a problem. Moreover, the
interpretation of the GC similarity score is not as intuituive as JC and TFCMC.

Based on the results of the simulation there are several recommendations. First,
because there can be a large number of medical measurements in a medical record and
the potential number of individuals to be linked in an SHN is increasing due to the use of
the Internet, it is plausible that the problem space for grouping individuals in SHNs could
be quite large. While it is recommended that filtering and data reduction steps be used as
described in this dissertation, this step should be explored further to determine the
sensitivity to specific measures or types of measures.

Secondly, different similarity coefficients were explored. All are relatively
straight forward to calculate. TFCMC and JC require the additional step of producing
binary datasets. Two approachesfor computing binary datasets, PBTR and CPTR, were
explored. Using PBTRs alone is probably not an ideal solution as it is not clear on which
tolerance level to choose. Conversely, CPTRs are logical and should be employed with
one exception. For example, when a measurement is close to a cut point between

different health states, it may be more appropriate to use a PBTR. Thus, when a
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measurement is on the borderline between one category and another, rather than setting a
hard threshold using a CPTR, a PBTR is used.

A third recommendation is that the model should be augmented to consider how
new individuals enter an existing SHN. This is an important factor since each new
individual attempting to enter the SHN should not trigger a complete recomputation of
the SHN. One approach is to represent the SHN by an n-dimensional vector, which
includes a scalar value, r, and the measurements associated with the candidate individual.
The scalar value is the distance from the candidate to the individual furthest away from
the candidate in the SHN. In essence, the scalar value is the radius of a hypersphere,
which is the general n-dimensional representation of a sphere. All individuals that are
part of the SHN are within or on the hypersphere. Any new individuals wanting to join
the SHN must be within or on the hypersphere. Membership in the SHN requires that the
distance from the candidate to a potential member to be less than the radius of the
hypersphere. However, this would mean that the distance computation after the initial
SHN formation is a geometric distance and would thus suffer from the limitations
previously described such as the limitation of measurement types.

Alternatively, the SHN is represented by two vectors m and ¢, as illustrated in
equations 6 and 7. The vector m consists of the similarity threshold used for SHN
inclusion and the measurement type and values for the candidate's measurements.
Measurement types can be nominal, ordinal, interval, or ratio. The vector ¢ is used for

defining the tolerances around each of the candidate's measurements for the production
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of the binary array used by JC or TFCMC. Each element of the vector is a four-element
tuple. The first element of the tuple is the type of tolerance used for the specific measure.
This can be PBTR, CPTR, or a hybrid between PBTR and CPTR. The second and third
elements are the minimum and maximum tolerance value for the specific measure. THe

fourth element is the percentage used when a PBTR is used for a specific measure.
m = (threshold, (m.q, type;), (mcy, types), ..., (Men, typey,)) (6)

(7
t = (tltype' tlmin’ tlmax’ tlpercent) 4 (tztype’ tzmin' tzmax' tzpercent) [

(Eneype Brmins Ermas: e

Although both of these approaches are plausible, the first approach may require
re-computing the hypersphere each time a new individual would like to join the SHN.
The second approach precludes this issue by maintaining the values from the candidate
and only requiring that the similarity score be computed between the candidate and the
new individual. Hence, if the similarity score is greater than the threshold stored in m,
than that individual can join the SHN.

This study has several limitations. First, due to confidentiality and disclosure
issues the dataset does not contain temporal information. Therefore, while filtering the
dataset due to timestamps would likely result in a smaller dataset the impact of this
filtering is unknown. This is particularly important as data reduction in feature space
using PCA may also be impacted. Furthermore, Allen's Algebra is proposed for the

temporal filter. This is a comprehensive temporal logic covering all the permutations of
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temporal ordering. However, future evaluation of this technique is needed to determine if
it has sufficient precision for temporal information in this computational model.

A second limitation of this model is that it does not account for any procedures
that would limit the possibility of discovering the indentity of an individual in a group.
This is an important consideration since a 2005 poll of the U.S. population showed 67%
of U.S. adults are somewhat or very concerned about the privacy of their health data and
only 27% believe that they have increased rights due to Health Insurance Portability and
Accountability Act (HIPAA) [124]. These concerns have historical importance beginning
with the atrocities of World War II and the resulting laws enacted to protect individuals
from experimentation, research, privacy breaches, and release of health data [125, 126,
127,128, 129].

Lastly, similarity weighting has not been incorporated into the computational
model as it is difficult to assign the relative importance of each feature. However, a future
consideration is to adjust the similarity scores with a posterior adjustment such that the
similarity score is weighted by time differentials in overall health state between
individuals. Thus, the similarity score might be proportionally weighted by the inverse of

the temporal distance between the health states of the candidate and other individuals.
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Chapter 6  Conclusion

Social support is an important contributor to helping individuals through health
issues. The ubiquitous nature of the Internet has fostered the development of many
websites for individuals to form health communities. These communities are ad hoc in
nature. In contrast, this paper proposes a solution that automatically forms SHNs based
on a computational model that filters the data space, reduces the feature space with PCA,
and computes the likeness between individuals with similarity coefficients.
Conceptually, this approach can more precisely group similar individuals. The precision
of the grouping depends upon the number of features used, the tolerances around the
features, and the timeframe of the match.

The two examples used to simulate the computational model illustrate the
effectiveness of filtering and PCA in reducing the scale of the problem. PBTRs and
CPTRs are an effective way of preparing the data for binary similarity coefficients such
as JC and TFCMC. An approach that uses a hybrid between PBTR and CPTR should be

explored along with posterior adjustments.
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APPENDIX A

Table 14. NHANES 1999-2003 data items that correspond to diabetes.

M ol 1 NHANES Measure Variable Name
eailrree;len ;m Description of Measure [90, 91, 92] Notes
1999-2000 2001-2002 2003-2004
Demographic 1 Gender RIAGENDR | RIAGENDR | RIAGENDR
Data 2 Age RIDAGEYR | RIDAGEYR | RIDAGEYR
3 Systolic Blood Pressure BPXSY1 BPXSY1 BPXSY1
Examination 4 Diastolic Blood Pressure BPXDI1 BPXDI1 BPXDI1
Data 5 Body Mass Index BMXBMI BMXBMI BMXBMI
6 Waist circumference BMXWAIST | BMXWAIST | BMXWAIST
Recoded to months on
.. . insulin which is
7 How long taking insulin DIQO60U/Q | DIQO60U/Q | DIQO60U/Q measure variable name
DIDO60MN
Take diabetic pills to lower
Questionnaire 8 blood sugar DIQO70 DIQO70 DIQO70
Data Diabetes affected eyes / had
9 retinopathy DIQO080 DIQO080 DIQO080
Ulcers / sores not healed DIA090 DIA090 DIA090 | Merged into 1 data item
within 4 weeks . .
10 Numbness in hands / feet reflecting pain /
past 3 months DIQ100 DIQ100 DIQ100 numbness / tingling
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Numbness in hands / feet or

both DIQ110 DIQ110 DIQ110
Pain / tingling in hands / feet
past 3 months DIQ120 DIQ120 DIQ120
Where was pain or tingling DIQ130 DIQ130 DIQ130
Pain in either leg while
walking DIQ140 DIQ140 DIQ140
Pain in calf or calves DIQ150 DIQ150 DIQ150
Mother with diabetes MCQ260AA | MCQ260AA | MCQ260AA
Father with diabetes MCQ260AB | MCQ260AB | MCQ260AB
maternal grandmother with | \yo0260Ac | MCQ260AC | MCQ260AC
diabetes
Paternal grandmother with
. MCQ260AE | MCQ260AE | MCQ260AE
diabetes Q Q Q Merged into 1 data item
11 | Maternal grandfather with reflecting family
diabetes MCQ260AD | MCQ260AD | MCQ260AD history of diabetes
Paternal grandfather with | \ 10260 AF | MCQ260AF | MCQ260AF
diabetes
Brother with diabetes MCQ260AG | MCQ260AG | MCQ260AG
Sister with diabetes MCQ260AH | MCQ260AH | MCQ260AH
Other relative with diabetes MCQ260AI | MCQ260AI | MCQ260AI
Mother with hypertension MCQ260FA | MCQ260FA | MCQ260FA Mereed into 1 data item
15 | Father with hypertension MCQ260FB | MCQ260FB | MCQ260FB rrge ﬂe; ting famﬂ;
materal grandmother with | \y0yg0rc | MCQ260FC | MCQ260FC | history of hypertension

hypertension
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Paternal grandmother with

hypertension MCQ260FE | MCQ260FE | MCQ260FE
Maternal grandfather with MCQ260FD | MCQ260FD | MCQ260FD
hypertension
Paternal grandfather with MCQ260FF | MCQ260FF | MCQ260FF
hypertension
Brother with hypertension MCQ260FG | MCQ260FG | MCQ260FG
Sister with hypertension MCQ260FH | MCQ260FH | MCQ260FH
Other relative with
hypertension MCQ260FT | MCQ260FI | MCQ260FI
Told to take prescribed
13 medicine forpBP BPQO40A BPQO40A BPQO40A
14 | Glycohemoglobin LBXGH LBXGH LBXGH
15 | High Density Lipoprotein LBDHDL LBDHDL LBXHDD
16 | Hematocrit LBXHCT LBXHCT LBXHCT
17 | Hemoglobin LBXHGB LBXHGB LBXHGB
18 | Hepatitis C LBDHCV LBDHCV LBDHCV
19 | Insulin LBXIN LBXIN LBXIN
Lal;;’r:‘t"ry 20 | Low Density Lipoprotein LBDLDL | LBDLDL | LBDLDL
— 21 | Phosphorus LBXSPH LBDSPH LBXSPH
22 | Plasma Glucose LBXGLU LBXGLU LBXGLU
23 | Potassium LBXSKSI LBXSKSI LBXSKSI
24 | Serum Glucose LBXSGL LBXSGL LBXSGL
25 | Total Cholesterol LBXTC LBXTC LBXTC
26 | Triglyceride LBXTR LBXTR LBXTR
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27

Urine Albumin

URXUMA

URXUMA

URXUMA

28

White Blood Cell Count

LBXWBCSI

LBXWBCSI

LBXWBCSI
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Table 15. NHANES 1999-2003 data items that correspond to chronic kidney disease.

Measurement

Item

NHANES Measure Variable Name

Area # Description of Measure [90, 91, 92] Notes
1999-2000 2001-2002 2003-2004
- - 1 Gender RIAGENDR | RIAGENDR | RIAGENDR
em]‘;gaigp 12 [ Race/ ethnicity RIDRETH! | RIDRETHI | RIDRETHI
3 | Age RIDAGEYR | RIDAGEYR | RIDAGEYR
4 | Systolic Blood Pressure BPXSY1 BPXSY1 BPXSY1
Examination 5 Diastolic Blood Pressure BPXDI1 BPXDI1 BPXDI1
Data 6 | Body Mass Index BMXBMI BMXBMI BMXBMI
7 Waist circumference BMXWAIST | BMXWAIST | BMXWAIST
Doctor told you have
8 diabetes DIQO10 DIQO10 DIQO10
9 | Taking insulin now DIQO050 DIQO050 DIQO050
Recoded to months on
. . insulin which is
10 | How long taking insulin DIQ060U/Q | DIQO60U/Q | DIQ060U/Q measure variable name
DIDO60MN
Questionnaire Take diabetic pills to lower
Data 11 blood sugar DIQO070 DIQO070 DIQO070
U}ce.rs / sores not healed DIA090 DIA090 DIA090 Mergeq into .1 data item
1 within 4 weeks reflecting pain /
Numbness in hands / feet numbness / tingling
DIQ100 DIQ100 DIQ100

past 3 months

which is measurement
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Numbness in hands / feet or

variable name

both DIQ110 DIQ110 DIQ110 PAINNUMB
Pain / tingling in hands / feet
past 3 months DIQ120 DIQ120 DIQ120
Where was pain or tingling DIQ130 DIQ130 DIQ130
Pain in either leg while
walking DIQ140 DIQ140 DIQ140
Pain in calf or calves DIQ150 DIQ150 DIQ150
Ever told you had weak/
13 failing Kidneys KIQ020 KIQ022 KIQ022
Ever told had congestive MCQI60B | MCQI60B | MCQI60B | Merged into I data item
heart failure .
Ever told had angina / reflecting personal
. . MCQ160D MCQ160D MCQI160D | history of congestive
angina pectoris . :
Ever told you had heart heart failure, angina,
14 | attack y MCQ160E MCQ160E MCQI160E | heart attack, heart
Ever told had heart failure, and coronary
faYle reo you had hea MCQI60B | MCQI60B | MCQI60B | heart disease with a
El 4 wold had measurement variable
VEr 10°C YoURad coronaty 1 mMcQ160C | MCQI60C | MCQI160C | name of HRTHIST.
heart disease
Mother had heart attack MCQ260GA | MCQ260GA | MCQ260GA | Merged into 1 data item
Father had heart attack MCQ260GB | MCQ260GB | MCQ260GB | reflecting family
Maternal grandmother had history of heart attack
15 heart attack MCQ260GC | MCQ260GC | MCQ260GC | yith a measurement
variable name of
Paternal grandmother had MCQ260GE | MCQ260GE | MCQ260GE | oA iR TAT

heart attack
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Maternal grandfather had

heart attack MCQ260GD | MCQ260GD | MCQ260GD
Paternal grandfather had
heart attack MCQ260GF | MCQ260GF | MCQ260GF
Brother with heart attack MCQ260GG | MCQ260GG | MCQ260GG
Sister with heart attack MCQ260GH | MCQ260GH | MCQ260GH
St:z;r( relative with heart MCQ260GI | MCQ260GI | MCQ260GI
Taking prescription for
16 hypertension BPQO40A BPQO40A BPQO40A
Mother with diabetes MCQ260AA | MCQ260AA | MCQ260AA
Father with diabetes MCQ260AB | MCQ260AB | MCQ260AB
maternal grandmother with | \yo0260Ac | MCQ260AC | MCQ260AC
diabetes
Paternal grandmother with |\ ;0260 AF | MCQ260AE | MCQ260AE | Merged into 1 data item
diabetes reflecting family
17 | Maternal grandfather with history of diabetes
diabetes MCQ260AD | MCQ260AD | MCQ260AD which is variable name
gf‘;ﬁg‘::: grandfather with |\ r60AF | MCQ260AF | MCQ260AF | TAMPIA.
Brother with diabetes MCQ260AG | MCQ260AG | MCQ260AG
Sister with diabetes MCQ260AH | MCQ260AH | MCQ260AH
Other relative with diabetes MCQ260AI | MCQ260AI | MCQ260AI
18 Mother with hypertension MCQ260FA | MCQ260FA | MCQ260FA | Merged into 1 data item
Father with hypertension MCQ260FB | MCQ260FB | MCQ260FB | reflecting family

77




maternal grandmother with

history of hypertension

hypertension MCQ60FC | MCQ260FC | MCQ260FC which is measurement
Paternal grandmother with variable name
hype rtensgion MCQ260FE | MCQ260FE | MCQ260FE FAMHYP.
Maternal grandfather with | \100260FD | MCQ260FD | MCQ260FD
hypertension
Paternal grandfather with MCQ260FF | MCQ260FF | MCQ260FF
hypertension
Brother with hypertension MCQ260FG | MCQ260FG | MCQ260FG
Sister with hypertension MCQ260FH | MCQ260FH | MCQ260FH
Other relative with
hypertension MCQ260FI | MCQ260FI | MCQ260FI
19 | Blood Urea Nitrogen (BUN) LBXSBU LBXSBU LBXSBU
20 Glomerular Filtration Rate i i i This is a derived
(GFR) measurement.
21 | Glycohemoglobin LBXGH LBXGH LBXGH
22 | High Density Lipoprotein LBDHDL LBDHDL LBXHDD
23 | Hematocrit LBXHCT LBXHCT LBXHCT
Laboratory | >4 [ Hemoglobin LBXHGB | LBXHGB | LBXHGB
Data 25 | Hepatitis C LBDHCV | LBDHCV | LBDHCV
26 | Insulin LBXIN LBXIN LBXIN
27 | Low Density Lipoprotein LBDLDL LBDLDL LBDLDL
28 | Phosphorus LBXSPH LBDSPH LBXSPH
29 | Plasma Glucose LBXGLU LBXGLU LBXGLU
30 | Potassium LBXSKSI LBXSKSI LBXSKSI
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31 | Red Blood Cell Count LBXRBCSI | LBXRBCSI | LBXRBCSI
32 | Serum Albumin LBXSAL LBXSAL LBXSAL
33 | Serum Creatinine LBXSCR LBDSCR LBXSCR
34 | Serum Glucose LBXSGL LBXSGL LBXSGL
35 | Total Cholesterol LBXTC LBXTC LBXTC
36 | Total Protein LBXSTP LBXSTP LBXSTP
37 | Triglyceride LBXTR LBXTR LBXTR
38 | Uric Acid LBXSUA LBXSUA LBXSUA
39 | Urine Albumin URXUMA URXUMA URXUMA
40 | Urine Creatinine URXUCR URXUCR URXUCR
41 | White Blood Cell Count LBXWBCSI | LBXWBCSI | LBXWBCSI
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Table 16.NHANES 1999-2000, 2001-2002, 2003-2004 Data file URLs.

Measurement Area Survey Cycle Data File Link
1999-2000 http://www.cdc.gov/nchs/nhanes/nhanes1999-2000/demo99_00.htm
Demographics Files | 2001-2002 http://www.cdc.gov/nchs/nhanes/nhanes2001-2002/demo01_02.htm
2003-2004 http://www.cdc.gov/nchs/nhanes/nhanes2003-2004/demo03_04.htm
1999-2000 http://www.cdc.gov/nchs/nhanes/nhanes1999-2000/exam99_00.htm
Examination Files | 2001-2002 http://www.cdc.gov/nchs/nhanes/nhanes2001-2002/exam01_02.htm
2003-2004 http://www.cdc.gov/nchs/nhanes/nhanes2003-2004/exam03_04.htm
1999-2000 http://www.cdc.gov/nchs/nhanes/nhanes1999-2000/1ab99_00.htm
Laboratory Files 2001-2002 http://www.cdc.gov/nchs/nhanes/nhanes2001-2002/1ab01_02.htm
2003-2004 http://www.cdc.gov/nchs/nhanes/nhanes2003-2004/1ab03_04.htm
1999-2000 http://www.cdc.gov/nchs/nhanes/nhanes1999-2000/quex99_00.htm
Questionnaire Files | 2001-2002 http://www.cdc.gov/nchs/nhanes/nhanes2001-2002/quex01_02.htm
2003-2004 http://www.cdc.gov/nchs/nhanes/nhanes2003-2004/quex03_04.htm
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