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Abstract

Despite a large volume of research on the prognosis, diagnosis and overall burden of multimor-

bidity, very little is known about socio-demographic characteristics of multimorbid patients.

This thesis aims to analyze the socio-demographic characteristics of patients with multiple

chronic conditions (multimorbidity), focusing on patient groups sharing the same combination

of diseases. Several methods were explored to analyze the co-occurrence of multiple chronic

diseases as well as the associations between socio-demographics and chronic conditions. These

methods include disease pair distributions over gender, age groups and income level quintiles,

Multimorbidity Coefficients for measuring the concurrence of disease pairs and triples, and

k−modes clustering to examine the demographics of patients with the same chronic condition.

The experiments suggest that patient income quintile is not associated with multimorbidity

rates, although gender and age group may play an important role in prevalence of multimor-

bidity and diagnosis of certain disease combinations.

Keywords: multimorbidity, pairwise disease association, multimorbidity coefficients, k−modes

clustering, data mining
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Chapter 1

Introduction

Multimorbidity occurs ten to fifteen years earlier in people living in areas with socioeconomic

deprivation [4]. Research also suggests that the number of people with multiple chronic condi-

tions will increase in coming years [3]. Additionally, patients with more than one disease are

not only more likely to be diagnosed with new diseases and mental health disorders, they also

have higher levels of psychological distress, significant loss of function, higher utilization of

overall health-care, poorer mental health and quality of life, and limited physical functioning

and limited ability to work [4, 45, 52, 106, 108, 126]. However, not all combinations of chronic

conditions have the same effect on functional status of the patient. Specific combinations of

chronic conditions may lead to a greater risk of disability for patients [47].

This chapter provides an overview of and basic definition of chronic diseases, comorbidity,

multimorbidity, and the possibilities due to which two diseases may co-occur. It also defines

the research goals and plans for this thesis, as well as the anticipated strengths and challenges.

The outline of this dissertation is presented in the final section of this chapter.

1.1 What Happens When Chronic Diseases Co-occur

This section provides the definition of the basic concepts associated with chronic diseases, their

co-occurrences and effects.

1
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1.1.1 Definition of Chronic Disease

A disease is defined as chronic if it lasts for a relatively long period of time and is irreversible

without any complete recovery [92]. The complete list of chronic diseases can be found at

International Classification of Diseases (ICD), which is a clinical cataloging system to classify

and code all diseases [81]. The ICD was developed to identify trends and statistics of health.

It is a classification standard for clinical and research purposes to identify diseases, disorders,

injuries and other related health conditions [93].

The diagnosis of a disease starts by indication of symptoms, risk factors and relevant anal-

ysis obtained by physical examinations. The treatment process is a stepwise approach with

regular control of patients’ laboratory analysis results, symptoms and signs [76]. Currently,

most of the medical knowledge is available for a single condition, and it may not be fully

applicable and acceptable for patients with multimorbidity1. Therefore, during the treatment

process of one disease, the efficiency of treatment of other disease(s) might be affected.

Characteristics of chronic conditions

Chronic conditions have nine characteristics: etiology, duration, onset, recurrence/pattern,

prognosis, sequelae, diagnosis, severity and prevalence [92].

Etiology: Sometimes it is not easy to define the etiology of a chronic condition. In some

cases, the presence of confounding factors may lead to a non-linear relationship between the

exposure to a pathogen and the presence of disease. These confounding factors may include

exposure to behavioral risk factors, such as smoking, poor nutrition and excessive alcohol con-

sumption, as well as genetic and environmental factors [75, 82].

Duration: Duration of a chronic disease is one of the characteristics of chronic conditions

widely used for defining the recovery time of conditions. There are three main time durations

1The term “Multimorbidity” is defined in section 1.1.2
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when defining chronic conditions: 3 months, 6 months and 12 months. Some studies rely on 3

months duration and reject 12 months when categorizing chronic conditions [94], while others

reject 3 months duration for classifying a disease as chronic condition, as they believe that

some acute conditions with lengthy recovery times will be classified chronic by mistake [110].

In the majority of studies, the duration of a chronic condition is defined to be at least 6 months,

as in [24, 65]. However, it is suggested that no standard duration can be applied to a chronic

condition, because the actual duration of a chronic condition is unique. It depends on the con-

dition itself and the person experiencing the condition [22].

Diagnosis: Although the diagnosis can be a defining characteristic of a chronic condition,

it is not the only indicative of all perspectives of a chronic condition and basing the definition

of chronic conditions on diagnosis might under-represent the prevalence of chronic conditions,

as some patients might have conditions that meet the criteria for diagnosis, but are not given a

chronic label [111]. However, in this research, the two terms of being diagnosed with a disease

and having a chronic condition will be used interchangeably.

Onset: The onset of chronic conditions is insidious and gradual. Patient’s age can be one

of the relevant aspects to onset of chronic conditions [110, 111].

Recurrence/pattern: The patterns of chronic conditions have wide variation both between

and within conditions. Some conditions have a deteriorating course, while some others are

episodic [22, 110].

Prognosis: While the main focus of prognosis is placed on the management of the condi-

tion and quality of life [30], lack of certainty for cure, incurability and poor prognosis are also

concerns discussed in studies regarding chronic conditions [22, 94].

Sequelae: According to “Dorland’s Illustrated Medical Dictionary”, the term “sequelae”

stands for physical or mental consequences that are caused by, or follow the course of a con-

dition [117]. Sequelae affects patients’ quality of life by adding physical disabilities, limita-
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tions of activity, reliance on medication or technical devices, or an increased need for medical

care [55, 94, 110].

Severity: The severity of a chronic condition may change continuously over the course of

the condition, and it depends on the stage of the condition [30]. Studies claim that conditions

where the severity of a disease, is not keeping the patient from daily functioning, and has a little

effect on patients’ physical or mental well-being, should not be included in the classification of

chronic conditions [94].

Prevalence: According to a study in general practice, a disease is classified as chronic only

when its prevalence is relatively high in the population being studied. However, this approach

has been disputed by some other studies where the chronic conditions are classified as chronic

if their prevalence is relatively low. In this case, the overall prevalence of chronic conditions is

the purpose of study [94].

1.1.2 Defining Comorbidity and Multimorbidity

In the medical literature there are several definitions and interpretations for the two terms co-

morbidity and multimorbidity. These two terms were used interchangeably by many authors for

a long time [44]. Researchers have compared the definitions of these terms in a large number

of relevant papers and their results show that the definition of comorbidity and multimorbidity

are ambiguous [119]. According to some definitions, coexistence of several diseases is called

comorbidity, while some other definitions claim that coexistence of other conditions with re-

spect to an index disease is called comorbidity [119]. In our work we rely on the classical

definition for these terms. The term comorbidity was introduced in 1970 by Feinstein and is

defined as “co-occurrence of other medical conditions additional to an index disease”. In other

words, comorbidity refers to any distinct additional entity that has existed or may occur during

the clinical course of a patient who has the index disease under study [39]. In this definition,

index disease refers to the primary disease or disorder under study. The additional clinical

entities (diseases or disorders) may occur or exist during the clinical course of index disease.
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Figure 1.1 shows the conceptual diagrams of comorbidity and multimorbidity [13].

Figure 1.1: Conceptual diagram of comorbidity and multimorbidity

Multimorbidity is a more recently introduced term in chronic disease epidemiology and is

defined as “co-occurrence of two or more medical conditions within a person, where one is not

necessarily more central than the others” [119].

There are two major considerations in the chronological analysis of comorbidity and multi-

morbidity: time span and sequence. The former discusses the span of the time across which the

patient has been diagnosed with two or more conditions. There has been less interest in con-

ditions which happened at the same point in time than conditions co-occurring across a period

of time [12]. The latter addresses the sequence in which comorbidities appear. The order of

diseases a patient is being diagnosed with plays a very important role in patient characteristics,

although from a cross-sectional perspective two patients may have the two exact same chronic

conditions. For instance, a patient diagnosed with hypertension who develops diabetes may be

very different from a patient with diabetes who is later diagnosed with hypertension.

1.1.3 Morbidity Burden and Patient’s Complexity

Morbidity burden is defined as the overall impact of the different diseases on an individual, tak-

ing into account disease severity. Patient’s complexity is a more broad perspective, considering

the morbidity burden while taking into account other health-related attributes. To make these
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definitions more explicit, consider the following example:

A 60-year old woman suffering from hypertension, depression and heart failure, who is

from an immigrant family living in Canada with limited skills in English, and who is also

taking care of a son with multiple sclerosis. Her cardiologist, focusing on her heart failure,

would consider her depression and hypertension as comorbidities to the index disease heart

failure. Her primary care physician will treat her hypertension, depression and heart failure

equally and will describe them as multimorbidity. Her morbidity burden would be shaped by

the presence of all chronic conditions the patient is diagnosed with, taking their relative severity

into account. Her complexity would be determined considering her health condition, i.e. her

chronic diseases, her immigration background, English language skills and fluency and her role

as a caretaker for her son (Figure 1.2) [118].

Figure 1.2: Comorbidity Constructs

There are three main areas where comorbidity and multimorbidity constructs are being

measured; clinical care research, epidemiology and public health, and health services and fi-

nancing. In each criteria, certain morbidity constructs are the area of interest for research and

computational purposes.

From a clinical research perspective, patient’s complexity is relevant to individual’s con-
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struct of comorbidity, where the index disease gets the highest priority. Patient’s complexity is

a newly emerging comorbidity construct, which acknowledges the influence of morbidity bur-

den not only by health-related construct, but also by patient behavioural characteristics [99].

In this perspective, although the focus is explicitly on the patient as a whole, the morbidity

burden becomes the more reliable construct to be considered. In this context, all conditions of

a patient are being given the same privilege.

From an epidemiological and public health perspective, the major focus is on the causes

of concurrent diseases. Therefore, both comorbidity and multimorbidity approaches will be of

interest in this context.

From a health services and financing perspective, estimation of costs for patient treatment

will not be calculated as sum of the costs for every single condition the patient has. Depending

on a patient’s condition and outcomes of interactions among co-occurring diseases, this cost

can be either greater or less than the sum of separate costs. Therefore, patient complexity plays

an important role in cost estimation in this area [118].

1.1.4 How Do Diseases Co-occur?

Diseases can be observed to co-occur due to three main reasons: chance, selection bias, or one

or more types of causal association.

Disease co-occurrence by chance

When diseases co-occur by chance, there is no etiological association between them. If we

assume x% of individuals in a population are affected with disease A and y% of them are af-

fected with disease B, then (x/100) · (y/100) of individual will have both x and y. There are

two assumptions made in this context: probability can be assigned to any disease, and the prob-

abilities of disease occurrences are independent in an individual who is suffering from more

than one disease. This factor of measurement only applies to diseases that have no associations

between their risk factors. In other words the rAB = 0 where rAB is the risk factor of A and risk

factor of B. Another name for referring to disease co-occurrence by chance, is coincidental

comorbidity, or random comorbidity.
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Disease co-occurrence by selection bias

Assume that a hospital wants to conduct a study where the goal is to estimate the association

between the occurrence of two diseases D1 and D2. For doing so, a control-case study is

conducted 2. In the study, hospitalized patients are considered as cases if they have D2 and

controls if they have D3. The prevalence of disease associations then will be calculated by

comparing the prevalence between D1 with cases D2 and with controls D3. The results show

that although there is an association between D1-D2 and D1-D3 in hospitalized individuals, the

association were null in source population.

As a conclusion, two diseases that are independent in the general population may become

“seriously associated” in hospital-based case-control studies, and the reason is higher hospi-

talization probability for patients with more than one disease - even if the diseases have no

association [7, 107]. In other words, clinical samples are not random samples from all people

in the general population. Individuals in clinical databases have more severe and greater num-

bers of symptoms than the ones in general population [97]. Although, this bias can be avoided

by using community samples rather than clinical databases [118].

Disease co-occurrence by causal association

According to Neale and Kendler [87], comorbidity can be categorized into thirteen models.

Table 1.1 provides a brief description for each of these models. One of the categories among

the thirteen models is “co-occurring by chance”, which was covered in previous sub-section.

The twelve remaining categories will be described in this subsection.

In Alternate Forms (AF), the co-occurring disorders are alternate manifestation of a single

liability. In Random Multiformity (RM) model, the risk factors for disorders are not associated,

but each one of them can increase the probability of the other disorder to increase. Extreme

Multiformity (EM) is a specific form of Random Multiformity, where the effect of risk factors of

each disorder is extremely high; if the individual has one of the disorders, probability of having

the other disorder is almost equal to one. In multiformity models the hypothesis is the idea

2Control-case study is a study which compares patients who have a disease or outcome of interest (cases)
with patients who do not have the disease or outcome (controls), and looks back retrospectively to compare how
frequently the exposure to a risk factor is present in each group to determine the relationship between the risk
factor and the disease [77].



1.1. What HappensWhen Chronic Diseases Co-occur 9

that comorbidity between two disorders occurs because being affected by one disorder directly

increases the risk for having the other disorder [87, 97]. In Three Independence Disorders (TD)

the presence of the diagnostic features of each disorder is actually due to its specific risk factors.

Correlated Liabilities (CL) refers to a group of disorders where the risk factors for each disorder

are associated while Reciprocal Causation (RC) refers to a group of disorders where one of

the disorders may cause the others. The difference between Reciprocal Causation (RC) and

Correlated Liabilities (CL) models is that, in RC models genetic and environmental risk factors

are united into a common latent phenotype before causation, whereas in CL model, no such

combination between the genetic and environmental risk factors has occurred before causation

[97]. Figure 1.3 shows a simple diagram of main causal association models described by Neale

and Kendler:

Figure 1.3: Major models of comorbidity between disorders A, B and C. A=disorder A;
B=disorder B; C=disorder C; RF stands for Risk Factor

According to Neale and Kendler’s comorbidity models, existence of a certain disease or

condition, does not necessarily cause the other. That is, “association does not necessarily

imply causation” [20].
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Name Description
Alternate Forms (AF) The disorders are comorbid because they are alternate

manifestation of a single liability. In this category in-
dividuals have disorder A with probability p(A), disor-
der B with probability p(B) and both disorders A and
B with probability p(A)p(B)

Random Multiformity (RM) Individuals who have disorder A, have the risk of dis-
order B increased by pA. Individuals having disorder
B, have the risk of disorder A increased by pB.

Random Multiformity of A (RMA) Submodel of RM where pB = 0.
Random Multiformity of B (RMB) Submodel of RM where pA = 0.
Extreme Multiformity (EM) Individuals who have disorder A, will have disorder B

and individuals who have disorder B, will have disor-
der A.

Extreme Multiformity of A (EMA) Submodel of EM in which only individuals who have
disorder A, will have disorder B and not the other way
around.

Extreme Multiformity of B (EMB) Submodel of EM in which only individuals who have
disorder B, will have disorder A and not the other way
around.

Three Independent Disorders (TD) The comorbid disorders are separate from either dis-
order occurring alone.

Correlated Liabilities (CL) Two disorders are comorbid because their risk factors
are associated. The relationship between risk factors
of disorder A and risk factors of disorder B is greater
than zero (rAB > 0).

Reciprocal Causation (RC) Comorbidity between two disorders occur because
two disorders cause each other. In other words, dis-
order A and disorder B cause each other in a feedback
loop.

A Causes B (ACB) Submodel of RC where disorder A cases disorder B
but not the other way around.

B Causes A (BCA) Submodel of RC where disorder B cases disorder A
but not the other way around.

Table 1.1: Alternate models of comorbidity between disorders A and B. rAB = the association
between risk factor of disorder A and risk factor of disorder B.

1.2 Problem Definition

Given disease combinations in patients, one question that arises is what might be similar among

people who are sharing same diseases? Are they of the same gender? Do they belong to the

same age group? Are they from the same ethnic group? Are they coming from a similar socio-
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demographic background? What similarities or differences can be found in their life style and

quality of life?

To the most part research is focused on identifying causes and effects of a single disease,

and as there is very little known about differences and similarities among patients who have

more than one disease. Although fully realizing this goal still has a long way to go, in this

research we are taking a step forward by exploring and identifying methods that may be used

to shed light on socio-demographic characteristics of patients with multiple chronic conditions.

This includes investigating various statistical and clustering methods which can efficiently be

applied for examining patients’ socio-demographic characteristics in terms of their similarities

and differences, as well as approaches to visualize the data of multimorbid patients and their

relationships.

Starting from identifying patients in our database with multimorbidity, we also need to

identify socio-demographic information associated with those patients. Besides performing

statistical measurements such as total disease counts and pairwise disease associations, we will

apply clustering algorithms to identify the similarities among patients who share same chronic

diseases and determine whether or not the factors we have extracted as socio-demographic

information are related to multimorbidity in terms of affecting multimorbidity.

There are three anticipated challenges for this research: (1) Limited availability of so-

cioeconomic variables for patients data; (2) Limited generalizability of the research results

to national population; and (3) Limited patient data over a long time span. The first antic-

ipated challenge means that we must contend with incomplete/missing variables for patient

data which limits the project scope because it limits the availability of correct/accurate data to

work with. Collected data becomes smaller in size with selection of complete and free of error

instances to increase the level of accuracy of the research, and on the other hand the availabil-

ity of sociodemographic information, such as patient ethnicity, languages they speak, income

level, education level, etc., is very limited. Specifically, in the DELPHI database3, which is the

source of data used in this research, these variables were absent for almost all patients existing

in the database. For this research, patient age, gender and residential codes will be used for

analysis purposes; the lack of all other socio-demographic variables represents a significant

3The definition and detailed information about DELPHI database can be found in Chapter 3.
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limitation on the scope of the project. The second anticipated challenge impacts the generaliz-

ability of research outcomes to a national population, as the DELPHI database does not contain

data from health care providers nationally. The third challenge means that the work must con-

tend with a lack of data for each patient over time. Information such as when a patient was

first diagnosed with a certain disease, what is the order of diseases the patient got diagnosed

with over time, how long was the time period between the diagnosis of diseases, what was the

patient’s socioeconomic status when the diseases appeared for first time, would allow us to do

more in-depth analyses. This would also allow the research to identify potential factors that

might impact diseases and which ones are being affected due to diagnosis of multiple chronic

illnesses.

The initial basis for this research is data on frequently occurring combinations of multi-

ple chronic diseases from a different research project [90], where disease combination counts

have been derived from a larger data source (the CPCSSN database4). Having access to this

information derived from a greater population size ensures the reliability of results to some

extent, and allows us to do further research on patient characteristics of those diagnosed with

commonly occurring disease combinations.

1.3 Outline of This Thesis

In this research we will elaborate on measurement and analysis approaches of multimorbid-

ity. To do so, we review the available methods for measuring and analyzing the burden of

multimorbidity and its relationship with a patient’s socioeconomic status in life.

Chapter 2 consists of three main sections. The first section describes how to measure mul-

timorbidity by applying existing statistical and clustering methods. It mainly focuses on most

frequently used pairwise association measurement methods and commonly used clustering

methods for clustering chronic diseases; describing how each one is calculated, and the ad-

vantages and weaknesses of them. The second section of Chapter 2 is dedicated to illustration

of multimorbidity indices (which are scoring tools for existing diseases within a person along

4The definition and detailed information about CPCSSN database can be found in Chapter 3. This data source
contains a total of 600265 electronic patient records as of data extraction period (September 30, 2013).
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with their severity degree) and challenges associated with them. This section concludes with a

brief introduction to four most commonly used indices developed for measuring outcomes like

subsequent risk of mortality, prediction of hospital re-admissions after getting a prescription

and health-related quality of life. The final section of Chapter 2 focuses on the influence of

socio-economic factors on the burden of multimorbidity among patients, and its association

with a patient’s age, gender, race and ethnicity.

Chapter 3 introduces the database used for analysis in this research. This Chapter describes

when and how the database was created, how often it gets updated, the number of records it

holds, the features and the coding strategies used for de-identification of existing records. The

Chapter also includes the description of the data extraction process, including identification of

missing values, data cleaning and strategies applied for dealing with missing data. It concludes

with the representation of a data table created from the database after data extraction and pre-

processing steps.

Chapter 4 describes the data analysis. It presents the results of statistical and clustering

techniques used for analyzing the relationships between socioeconomic status and two/three

coexisting diseases among patients sharing the same chronic diseases. The first section of

this Chapter focuses on analytical results of statistical multimorbidity measurement methods

explained in Chapter 2 for two coexisting chronic diseases. The second section describes the

clustering method used for clustering patients with two coexisting diseases. The clustering

algorithm was performed separately on all patients who share the same pair of diseases and for

most commonly occurring disease pairs. Some modification have been made to the algorithm

in order to adjust it for the data set, as well as the outputs and results of the algorithm, which is

also described in this section. The third and final section of this Chapter describes the results

for analysis of three coexisting diseases. As the counts for combination of three coexisting

diseases were far less than counts of two coexisting diseases, not all measurement methods

applied on diseases pairs were applicable for three coexisting diseases. Therefore, this section

only includes statistical distribution results.

The final Chapter summarizes and concludes the research and its final results. Research

strengths, limitations and recommendations for future investigations in the area of multimor-

bidity are also represented in this Chapter.



Chapter 2

Approaches to Measurement and Analysis

of Multimorbidity

2.1 How to Measure Multimorbidity

Determining the prevalence of co-occurring diseases in certain population groups has always

been a research need. The most straightforward approach for measuring multimorbidity is

counting the co-occurring diseases among individuals, which is discussed in the first part of this

section. More complex approaches try to find some kind of association among diseases. The

second part of this section, is mainly focused on measuring the association of disease pairs. The

methods described in this part are odds ratios, risk ratios, multimorbidity coefficients, Kappa

statistics and concordance statistics.

2.1.1 Total Disease Counts

The most straightforward way to measure multimorbidity is to count the number of diseases

for each individual in a group and then calculate the average number of diseases per person by

age. This approach can be used in research to determine the prevalence of multimorbidity in a

certain age group. For instance,Van den Akker et al.[120] have used this method to determine

the prevalence of multimorbidity in the elderly for the Dutch population. Due to the exponen-

14



2.1. How toMeasureMultimorbidity 15

tial nature1 and discrete values derived from disease counts, any regression method works for

calculating the total burden of multimorbidity. Lappenschaar [76] found that there was approx-

imately one disease at age 40 and five at age 80 in the Netherlands. However, this method is

very coarse and does not provide much information about the distribution of diseases and their

association with factors other than age. Therefore, in order to gain more insight, other metrics

are used.

2.1.2 Pairwise Association

When diseases are to be compared in pairs, there are several ways to express their association.

Some of the measurement methods for pairwise association are described in the following.

Odds Ratios

One of the most widely used methods is using odds ratios to figure out the association between

two disorders. Odds ratios are commonly used in case control studies, however, they can

also be used in cross-sectional and cohort studies [102]. Their popularity is due to ease of

calculation and good estimation of relative risks [5].

Disorder 1 (D1)
Presence Absence Total

Disorder 2 (D2)
Present a b a + b = R1

Absent c d c + d = R2

Total a + c = C1 b + d = C2 a + b + c + d = N

Table 2.1: All possible observations for two arbitrary disorders occurring in an individual

For disorder D1 and disorder D2 the odds ratios is a quantitative measurement method

defined as the odds of being exposed to disorder D2 if one has D1, divided by the odds of

being diagnosed with D2 if one does not have D1. Table 2.1 shows all possible combinations of

two arbitrary disorders D1 and D2, where every cell shows the prevalence of occurring (or not
1The results of disease counts from several researches show that the number of co-occurring chronic diseases

within an individual drops very fast, as the number of diseases increase. That is the reason why the term expo-
nential nature for chronic disease count is being used. Due to the exponential nature of co-occurring diseases, it
is very challenging to figure out the association between diseases among patients diagnosed with more than three
or four diseases, as the available data for them is negligible, regardless of the collected database.
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occurring) of the corresponding disorders. According to Table 2.1, the odds of being exposed

to D2 if one has D1 is
a
c

, and the odds of being exposed to D2 if one does not have D1 is
b
d

.

Therefore, the odds ratios (OR) of D1 and D2 is calculated as follows:

OR =

a
c
b
d

=
ad
bc

(2.1)

This means that if a patient is exposed to D2, he is OR times more likely to have D1 than

if he is not exposed to D2. Odds ratios are used to determine whether a particular exposure is

a risk factor for a particular outcome [102]. Many major studies on psychiatric comorbidity,

such as National Comorbidity Survey of United States [70], the National Psychiatric Morbidity

Survey of Great Britain [62], and The Netherlands Mental Health Survey [8], are using odds ra-

tios for quantifying comorbidity. The association of narcolepsy (a neurological disorder) with

many psychiatric disorders has also been discovered using odds ratios [34, 46].

Odds ratios can also be modified to accommodate other patient demographics, such as

their gender, age, education level and other factors, using logistic regression. An example of

using odds ratios with additional patient demographics can be found in a study identifying

multimorbidity patterns in elderly performed in Stockholm [80].

Risk Ratios

Risk ratios (also called as rate ratios or relative risks) is another popular method for quantifying

association among two disorders, which calculates the ratio of the risk of occurrence of a

disease among exposed group of people to that among the unexposed [11]. Risk ratios are

not symmetric, therefore they can be defined for both diseases. According to Table 2.1, the

relative risk of D2 associated with D1 (RRD1), is defined as the risk of occurrence of D2 among

individuals who are exposed to D1, divided by the risk of occurrence of D2 among individuals

who are not exposed to D1. So, the risk ratio will be calculated as following:
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RRD1 =

a
a + c

b
b + d

=
a(b + d)
b(a + c)

=
aC2

bC1
(2.2)

Similarly, the risk ratio of D1 associated with D2 will be defined as:

RRD2 =

a
a + b

c
c + d

=
a(c + d)
c(a + b)

=
aR2

cR1

Risk ratios are used in assessing the likelihood that an association represents a causal rela-

tionship [11]. Risk ratios are widely used in psychiatric epidemiology [5].

Odds ratios are very similar to risk ratios, particularly in less prevalent diseases. Accord-

ing to Table 2.1, if a disease is rare, it will occur among very few individuals in a population,

therefore, b + d ≈ d and a + c ≈ c. This results that, OR ≈ RR in rare disease cases.

Multimorbidity Coefficients

Another commonly used method for measuring pairwise association is the use of a multimor-

bidity coefficient (also known as cluster coefficient or CC), which is defined as the division of

observed rate of co-morbidity (multimorbidity) by the rate which is expected under the null-

hypothesis of no substantive association between the separate disorders [5]. According to Table

2.1, the observed rate of comorbidity/multimorbidity, is
a
N

, and the expected rate of association

is
a + c

N
·

a + b
N

. Therefore the multimorbidity coefficients (MC) will be calculated as follows:

MC =
a/N

[(a + c)/N] · [(a + b)/N]
=

aN
(a + c) · (a + b)

=
aN

C1R1
(2.3)

Odds and risk ratios can calculate the overall association among two diseases, but they can-

not separate non-random comorbidity (disease co-occurrences by causal association) from co-

incidental(random) comorbidity, neither can they measure directly the amount of co-occurrence
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among pairs [5]. According to the example explained in Quantifying psychiatric comorbid-

ity [5], all three measures of OR, RR, and MC are equal to one if the association between

disorders is only coincidental, which indicates that the two disorders are not associated and

cannot be clustered in the same cluster. However, when there is an association among diseases,

MC shows a relatively smaller value compared to other two measures. Also, the more the

prevalence among two disorders increases, the difference between MC and the two other mea-

sures grows bigger, and the odds ratios value becomes progressively larger than the risk ratio.

The fact that measures of association diverge increasingly in OR and RR when the prevalence

of disorders rises, makes the two measures not appropriate to be used for sicker populations or

large populations. Because in sicker (or large) populations, the average number of disorders

within a person is higher compared to a relatively healthier population, and as long as the two

measures of associations are calculating the prevalence according to the population, they will

show a very high prevalence among majority of disease pairs. For more details, refer to the

original paper [5].

Odds ratios and risk ratios can only show the association between pairs of disorders, while

multimorbidity coefficients can express association among any number of diseases by dividing

the actual rate of multimorbidity by expected numbers of cases. Although calculating the

expected rate is a tedious process due to the very large number of combinations which should

be considered. To be more specific, if there are n disorders in a population, each with a different

prevalence (aka p1, p2, ..., pn), and the goal is to find the association of any k disorders (k ≤ n),

the number of combinations for expected rate of associations will be the combination of n and

k:

C(n, k) =

(
n
k

)
=

n!
k!

(n − k)!

And the expected probability (Pe) for each combination will be the product of probabilities

of k disorders that occur, multiplied by the product of probabilities of the rest of disorders, if

they do not occur. If we arrange the n disorders the way that k disorders expected to occur are
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Figure B.6: Clusters of patients with hypertension and depression. Clusters divide the patients
over gender and age group. Females of age group 5 and 6 are clustered in clusters 3 and 2
respectively, while most of the male patients who have this disease combination are clustered
in cluster 1.
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Figure B.7: Clusters of patients with hypertension and cancer. Clusters clearly appear over
gender and socioeconomic score split. Patients from highest income quintiles are clustered
separately from patients from high income quintile. Male and females who belong to socioe-
conomic score 4, have been divided into two clusters.
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Figure B.8: Clusters of patients with hyperlipidemia and musculoskeletal problem. Clusters
mainly divide the patients by gender and age group. However, this is not a perfect split of
patients based on demographic characteristics.
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Figure B.9: Clusters of patients with bronchitis and musculoskeletal problem. Patients distri-
bution over age groups and socioeconomic scores is similar to patients with depression and
musculoskeletal problem. The division of patients into clusters is also similar in these two
disease pairs. There are five clusters dividing the data: other than cluster 2 which mainly di-
vides males from females, the other clusters belong to patients of one to three consecutive age
groups.
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