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Abstract
Hepatitis virus is a major threat to Australia and a major health burden to the world. There
are several types of this disease; the focus of this study is on Hepatitis C virus (HCV). The
objective of this study is to enhance the predictive power of routinely performed diagnostic
pathology laboratory results by identifying patterns in bio-markers so that the HCV infection
is identified earlier rather than later, and to investigate the effects of missing values on the
selection of assays.

To overcome the problem of missing data, Multiple Imputation, a

principled statistical imputing technique, was used to fill in the missing values. The imputed
dataset was analyzed to construct predictive models using decision tree and logistics
regression algorithms in R and PASW 18. ALT has been identified as the key predictor of
HCV infection by all the Logistic Regression Models and all the Decision Tree Models. A
higher level of ALT in the blood is indicative of HCV infection, that is, increased level of
HepC (Hepatitis C antibody) in the blood. Pooled logistic regression model suggests that
increased level of ALT (i.e. greater than 35 U/L) almost doubles the Odds of HCV infection.
That is further affirmed by the decision tree models – all the rules in the tree models suggest
increased ALT levels indicate presence of HCV infection.

The study has not produced a

powerful predictive model that could be used on general patients to detect the presence of
HCV infection, but has provided useful information on the type of blood tests (the variables
that need to be considered) to be conducted on patients who show any symptoms of HCV
infection.
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Chapter 1 - Introduction
1.1

Hepatitis

„Am I Number 12‟ was the slogan launched by the World Health Alliance Hepatitis (WHA)
in 2008 on World Hepatitis Day. „Am I Number 12‟ referred to the worldwide statistic that 1
in

12

people

is

living

with

chronic

Hepatitis

B

or

Hepatitis

C

(http://www.worldHepatitisalliance.org/en/Home.aspx).
Hepatitis virus is a major threat to Australia and a major health burden to the world. There
are several types of this disease; the most common ones are Hepatitis A, B and C. Hepatitis B
and C can be fatal. Hepatitis is a disease which affects the liver and can cause permanent and
life-threatening liver damage. The liver is the largest organ in the human body and performs
more than 500 functions; a few important ones are listed below:


Processing of digested food;



Controlling synthesis and utilisation of fat, amino acid and glucose in the blood;



Combating infections;



Neutralising, destroying and eliminating drugs and toxins in the blood;



Producing bile, storing iron and vitamins;



Converting food into energy;



Manufacturing, breaking down and regulating hormones including sex hormones.

Source:http://www.britishlivertrust.org.uk/home/the-liver/summary-of-the-livers-functions.aspx

Once the food has been digested and absorbed into the bloodstream, waste products are taken
directly to the liver where unwanted waste products are removed and others are modified
prior to general circulation. In people infected with Hepatitis, this important activity is
interrupted and can cause mild to serious consequences, for example, Cirrhosis, liver cancer
and liver failure.
According to the World Health Organisation (WHO), Hepatitis C Virus (HCV), previously
known as non-A-non-B Hepatitis, was identified as a separate single stranded RNA virus in
1989. Since its discovery, it has been estimated that 130 million individuals globally are
chronically infected with HCV (WHO, 2010). In 2008, WHO statistics listed Cirrhosis as the
18th commonest cause of mortality. WHO estimates that by 2030, liver cancer will become
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the 13th commonest cause of death. WHO has compared HCV to a “viral time bomb” and
estimates that 180 million (about 3% of the world‟s population) are infected with HCV.
These numbers alone highlight HCV as a global health problem. Clearly liver disease, much
of which can be traced to Hepatitis infection, is a growing problem.

Figure 1:(Modified from Perz JF, Farrington LA, Pecoraro C, et al. Estimated global prevalence
of Hepatitis C virus infection. 42nd Annual Meeting of the Infectious Diseases Society of
America; Boston, MA, USA; Sept 30–Oct 3, 2004. Data source: WHO.

Reported by the Dept of Health and Ageing (2008, p.1), there are around 271,000 people in
Australia who are positive to the HCV antibody i.e. have a chronic HCV infection. Chronic
HCV infection is a common cause of liver disease that can progress to serious forms like liver
Cirrhosis and hepatic decompensation (Poynard et al., 2003). HCV causes the inflammation
of the liver and over time this can lead to liver diseases like Cirrhosis and Fibrosis. Liver
Cirrhosis and Fibrosis, however, are reversible and accurate diagnosis and patient
management of Hepatitis is crucial to achieving this (Friedman et al., 2003). Hence, major
changes are needed in the way health care resources are managed to cater for the rising
number of HCV patients in Australia.
While there are advances in the treatment of people with HCV, the human costs of HCV, in
terms of reduction in quality of life and wellbeing and through occupational and social
discrimination and isolation, remain significant. So do the financial costs of the virus for
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medical and hospital care, lost productivity, and the need for social support (Dept of Health
and Ageing, 2008).

1.2

Thesis Objectives

The main objective of this study is to enhance the predictive power of routinely performed
diagnostic pathology laboratory results by identifying patterns in bio-markers so that the HCV
infection is identified earlier rather than later. While working with a real and typical data set
with many missing values, a secondary objective is to investigate the effect of imputing the
missing values using sound statistical methods before applying statistical data analysis
techniques. This project is partially funded by the University of Canberra interdisciplinary
grant “Knowledge discovery in pathology databases” which is jointly investigated by staff
from The Canberra Hospital, the University of Canberra and the University of Wollongong.
The disciplines involved include microbiology, computer science and statistics.
This research is necessary here because ACT Pathology has recently released a large database
to University of Canberra researchers that has never before been analysed. This project will
enable a portion of the knowledge hidden within the database to be unlocked. This research is
timely because Hepatitis C is a viral infection that targets the liver, and can in extreme cases
lead to liver failure and the necessity for a liver transplant. It is necessary to ease the load on
the health system, both chronically and financially, by preventing the development of the
disease or diseases that warrant excessive resource utilization and cost. The initial symptoms
of the infection tend to be generalised, like flu symptoms. This makes the disease difficult to
diagnose on presentation to a general practitioner, and generally blood tests would be called
for to confirm the presence of the infection. Techniques to more efficiently identify patients
with such infections from blood tests could help ease the load on hospitals, general
practitioners and pathology laboratories, as well as the patients themselves.
This study aims at identifying the most useful patient characteristics and pathological assays
within routinely collected pathology tests that can be used to identify patients at high risk of
HCV infection. A small selection of variables for general practitioners and laboratory
technicians to look out for in the diagnosis of HCV infections would be of great use and more
efficient than wading through the dozens of test results that may be available.
Early detection of the HCV infection will provide savings opportunity for the health care
system. The downside of HCV is that a large number of Australians (at least 40000, as
reported in the National Hepatitis C Resource Manual) exposed to HCV remain undiagnosed.

11

In majority of these people it is likely that the disease will progress into chronic stages
without them actually knowing that they are infected as many may not feel ill.
Liver histology is currently considered to be the reference standard for assessing liver
damage, and it involves biopsy. The tissue sample obtained in this process may be too small
to assess the severity of the disease and it has poor acceptance in patients because of its
invasive nature.
An important aspect of this research is the investigation of the effects of missing values on
the selection of assays. Pathology databases contain many missing values, as not every test is
administered to every patient. Several methods have been proposed to handle the problem of
missing data. Examples of these procedures can be found in Anderson (1957); Hartley and
Hocking (1971); Rubin (1972,1987) and Dempster, Laird and Rubin (1977). Horton and
Lipsitz (2001) have pointed out that loss of efficiency, complications in data handling and
analysis and introduction of bias are some of the common problems associated with missing
data and that these can be addressed by a statistically sound procedure called Multiple
Imputation (MI). MI, a technique that has gained popularity over the years, is a statistically
valid technique developed by Rubin (1977) that replaces each missing value by a set of
plausible values. The multiply imputed data sets are then analysed using standard analytical
procedures and the results from these analyses are combined to produce overall estimates.
These estimates should reflect the true variation and uncertainty in the data better than those
obtained by complete case analysis. The procedure is discussed in detail in Chapter 3 and
applied in Chapter 4.

1.3

ACT Pathology Dataset

The pathology dataset used in this thesis was collected by ACT Pathology from 1997 – 2007
from routine pathology test requests. It is almost entirely numerical in nature. The database
contains 45 variables and 18625 cases. Since one aim of the project was to enhance the
predictive power of routinely performed diagnostic tests, no new data collection was
undertaken e.g. no extra tests, and no qualitative data collection was performed.
Missing value analysis was conducted on all the variables and the variables were classified
into two groups. The first group included those variables to be retained for further analysis.
These variables contain a lower proportion of missing values compared to those in the second
group. A large proportion of missing information is one of the major obstacles experienced
during the pre-processing stages of the analysis. Some variables had such a large proportion
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of missing information that they could not be included for further analysis because they could
distort the overall results. In addition, some cases (i.e. rows) were removed from the database
because they had a large proportion of missing information.
The flow chart (shown in Figure 2) summarises the pre-processing and classification of
variables in the database for further analysis.
Canberra Hospital
Pathology Database
(45 variables, 18625
cases)

Group 1 Variables (26)

Group 2 Variables (19)

Missingness less than
40%

Missingness more than
40%

Retained for further
analysis

Deleted due to large
proportion of missingess

26 variables – 25
Quantitative & 1
Qualitative
18329 Cases

7355 Complete Cases
(Cases with information
on all the 26 variables)

Figure 2: Variable Classification
The ACT Pathology database was trimmed down from 45 variables to 26 variables by
application of the following rule: those variables with more than 40% missing information
were deleted from the dataset. Moreover, cases (i.e. rows) with more than 60% of missing
information were also dropped, thus reducing the number of eligible cases to 18329.
Compete cases were used for further analysis to determine a predictive model for HepC.
Multiply imputed datasets were created with missing values replaced by plausible values
using the Missing Value Analysis tool in PASW18.
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Here is a brief description of the variables that were retained for further analysis.
Variables

Reference Range

Age

-

ALB

34-47 g/L

ALKP

41-133 U/L

ALT

0-35 U/L

Bas

0-0.2%

Crea

50-100 µmol/L

Eos

0-0.7%

GGT

9-85 U/L

Hb

K

F: 120-155
M: 136-175
(g/L)
F: 0.39-0.46
M: 0.37-0.49
(L/L)
Response
Variable
3.5-5.0 mmol/L

Lymph

1.2-4.0%

MCH

27-33 pg

MCHC

Mean corpuscular haemoglobin concentration (a parameter calculated from MCH.
Like MCH, MCV and RCC, assists with the diagnosis of anaemia)

MCV

F: 310-355
M: 320-355
(g/L)
80-96 fL

Mono

0.1-1.0%

Neut

4.0-11.0%

Monocytes and Neutrophils protect the body against bacteria and eat up small
particles of foreign matter.

Plt

RDW

150-400
x109L
F:4.10-5.10
M: 4.50-5.30
x1012/L
11.0-15.0

Sex

-

Sodium

135-145 mmol/L

Tbil

3-19 g/dL

Urea

3-8 mmol/L

Tbil levels are reflective of the rate that the body recycles the red cells in the blood;
bilirubin is a breakdown product of old, used up red cells.
Blood urea is often used to detect kidney related infections.

WCC

4.0-11.0
x109/L

White cell count (White cells such as lymphocytes and monocytes form the cellular
component of the immune response. Elevated with infection or allergy)

Hct

HepC

RCC

Description
Patient‟s age in years
Albumin - major component of plasma proteins.
Alkaline Phosphate – found in liver, bone, intestine and liver.
Alanine aminotransferase (an intracellular enzyme released in high concentrations
after liver damage)
Basophils take part in allergic responses and increased basophil production may be
associated with bone marrow disorders or viral infection.
Creatinine – endogenous creatinine is excreted by filtration through glomerulus and
tubular section.
Eosinophils kill parasites and are involved in allergic responses.
Gamma-glutamyl transferase (an intracellular enzyme like ALT - also relevant to
liver function)
Haemoglobin (Oxygen carrying pigment of red blood cells)
Haematocrit (formerly known as “packed cell volume”) is a measure of cell density
in a blood sample. It helps in the diagnosis of certain anaemias.
Hepatitis C antibody. Detects antibody to Hep C virus. Increased levels indicate
Hep C
Potassium is predominantly an intracellular cation whose plasma level is regulated
by renal excretion
Lymphocytes are involved in the immune process, producing antibodies against
foreign organisms, protecting against viruses and fighting cancer.
Mean corpuscular haemoglobin (average concentration of Hb per red cell)

Mean corpuscular volume (average red cell volume - helps diagnosis of anaemia)

Platelets (which are cell fragments involved in blood clotting)
Red cell count (Red cells also called red blood cells or erythrocytes)

Red cell distribution width
Patient‟s gender [0 = Female, 1 = Male]
Sodium is the predominant extracellular cation.

Table 1: Variables Retained for Analysis
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1.3

Thesis Outline

In this section, a brief description of each chapter and a flow chart of data processing are
provided.
Chapter 2: This chapter consists of three parts. First, a review is provided on the
epidemiological aspects of HCV. The history and impact of the disease are discussed along
with changing approaches to diagnosis and treatment. Second, there is an overview of the
missing data problem. This history of approaches to missing data is presented with an
emphasis on MI, which is the technique pursued in this thesis. Third, there is a review of the
data mining tools utilized in this research to discover patterns and patient characteristics in
this research. Three main techniques are presented: principal component analysis, logistic
regression and decision trees. Available software for implementing these techniques is
compared.
Chapter 3: This chapter outlines the exploratory data analysis of the dataset and describes the
pre-processing of the dataset to make it ready for further analysis using MI and the proposed
data mining techniques. This chapter also describes the administration of MI under PASW18.
Chapter 4: In this chapter, the results of analysing both the complete dataset and imputed
datasets are reported. The results of the logistic regression models and decision tree models
are shown with the efficiency of the models on the test data.
Chapter 5: In this chapter, the results from the previous chapter are compared and discussed.
Each model developed during the analysis is discussed in terms of statistical and clinical
significance.
Chapter 6: In this chapter, a summary of significant conclusions from this study is drawn and
recommendations for future work are presented.
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Figure 3: Data Processing Flowchart
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Chapter 2

Literature Review

This chapter reviews the literature for my thesis under the following broad headings:


Epidemiology of HCV



Diagnosis of HCV



Missing Data



Data Mining and Knowledge Discovery

2.1

Epidemiology of HCV

Hepatitis C is a viral infection of the liver which had been originally referred to as "non A,
non B Hepatitis" until identification of the causative agent in 1989. The causative agent was
termed Hepatitis C Virus. HCV is a major cause of acute Hepatitis and chronic liver diseases,
including Cirrhosis and liver cancer. HCV infection is the leading cause of chronic Hepatitis,
liver fibrosis, liver Cirrhosis and hepatocellular carcinoma (a cancer of the liver) worldwide
[Brass et. al., 2006].

The effects of HCV are long-lasting, and the development of acute

HCV into Cirrhosis and ultimate liver failure may take 20-40 years (Seef, 2000).
HCV is spread primarily by direct contact with human blood: the major causes of HCV
infection worldwide are use of unscreened blood transfusions, and re-use of needles and
syringes that have not been adequately sterilized. It is this aspect of the transmission that
relates to the social problems experienced by the HCV patients. Patients diagnosed with
HCV infection experience a variety of psychosocial problems like depression, anxiety and
stigma associated with the diagnosis, and often these experiences isolate them from social
support (Janke et al, 2008). Current therapy includes administration of pegylated interferon-α
and ribavirin and, unlike for Hepatitis B virus, a protective vaccine is still not available.
Current diagnostic measures are discussed in Section 2.2.
In Australia (and US and most European countries) chronic Hepatitis C is the most common
cause of chronic liver disease and Cirrhosis, and most common indication for liver transplant
(Rantala et al. (2008), Chen et al. (2006), Charlton (2001), Wasley et al. (2000), Alter
(1997)). The increasing prevalence of undetected HCV infection is becoming a healthcare
burden due to the associated morbidity and mortality, and the costs of treatment of the
diseases at their chronic stages. The National Centre in HIV Epidemiology and Clinical
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Research (2007) reported a prevalence of around 271,000 Australians with chronic HCV
infection. To be more precise, a further breakdown of 271,224 chronic cases is as follows:


68,500 exposed to HCV, but not chronically infected;



157,000 chronically infected with stage F0/1 liver disease;



40,000 chronically infected with stage F2/3;



5400 with HCV related Cirrhosis;



216 with HCV related liver failure; and



108 HCV infected developed HCC (NCHECR, 2007).

The HCV Projection Working Group estimated that, in Australia, over 225,000 diagnoses of
HCV were reported to State and Territory surveillance systems from 1990 to 2004. Hepatitis
Australia, in its fact sheet released in April 2007, estimated that 264,000 Australians have
been exposed to the virus, and pointed out that there are HCV infected people who are not
even aware of their infection. HCV has been a notifiable disease in all Australian states and
territories since 1995 (Australian Government Department of Health and Ageing (ADGHA),
2006). During the period 1995-2001, the notifications of new HCV diagnoses increased from
17,000 to 20,000 but declined to around 13,000 to 15,000 in the period 2002-2005 (AGDHA,
2006), as shown in Figure 2.
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Number of notifications of Hepatitis C (newly
acquired), in the period of 1991 to 2009 and
year-to-date notifications for 2010
Number of Notifications

600
500
400
300
200
100
0
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1994

1996
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2004
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2010

Year

Figure 4: Number of notification of newly acquired HCV in Australia
Data Source: AGDHA, 2010.
The total HCV notifications by age and sex in 2010 show that majority of the notification
were for people aged between 15 and 50 years old. The 15-50 age group accounts for almost
93% of the total notifications, of which 56% are from males (Table 2). An Australian
Government (2005) report on HCV projected that by 2020, there will be between 321,000 and
836,000 people living with HCV infection. However, identification of recent HCV infection
is limited because negative HCV test results cannot be validated between different testing
laboratories (AGDHA, 2006); only a small minority of cases can be diagnosed hence the need
for enhanced surveillance and a prediction model.

The slow progress of viral infection makes the diagnosis and monitoring of infected patients
difficult (Sypsa & Hatzakis, 2008). HCV infection is a major health problem throughout the
world: from 60% to 80% of the people infected develop chronic infection, 20–30% of those
progress to Cirrhosis, a condition closely associated with morbidity and mortality (Borroni et
al., 2006). In 1999 the WHO estimated 170 million people worldwide were infected with
HCV and reported a prevalence of about 3%, resulting in 1.4 million deaths annually (Alter
2006; Marcellin et al 2002;Lauer and Walker 2001). These are the real threats to the health of
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individuals and to the costs on the healthcare system that form the impetus for this proposed
study.
Table 2: Newly acquired HCV by age and sex, Australia Jan – Oct 2010.
Number of Notifications of HCV (newly acquired), Australia,
2010
Male
Female
Unknown Total
0-4
1
3
0
4
5-9
0
0
0
0
10-14
1
0
0
1
15-19
4
15
1
20
20-24
38
32
0
70
25-29
38
22
0
60
30-34
23
18
0
41
35-39
19
14
0
33
40-44
12
6
0
18
45-49
8
2
0
10
50-54
4
3
0
7
55-59
5
1
0
6
60-64
0
0
0
0
65-69
0
0
0
0
70-74
0
0
0
0
75-79
0
0
0
0
80-84
0
1
0
1
85+
0
0
0
0
Unknown
0
0
0
0
Total
153
117
1
271
Source: National Notifiable Diseases Surveillance System,
October, 2010.

2.2

Diagnosis of HCV

This subsection deals with the drawbacks of current methods of diagnosis of HCV (mostly via
biopsy), then discusses several published models for the use of non-invasive procedures to
diagnose HCV.

Liver biopsy is regarded by many as the gold standard for assessing chronic HCV infection.
Biopsy is an invasive procedure that may cause undesirable events (Forns et al., 2002 &
Borroni et al., 2006).

These events include pain in 20%-30% of the cases, major
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complications and poor patient acceptance. A biopsy procedure has a high direct cost hence
this research aims to identify a non-invasive and simple but efficient predictive model to
diagnose the development of chronic HCV infection via routine laboratory tests. A prediction
model will lower the operational cost associated with the detection of Hepatitis C because the
vast majority (about 80%) of the patients undergoing liver biopsy have reportedly mild or
complete absence of the condition (Forns et al., 2002). Hence, there is a need for a noninvasive procedure that can provide information on key disease markers for diagnosis.

Forns et al. have used multivariate forward selection procedure to develop a logistic
regression model in an effort to identify chronic Hepatitis C patients without hepatic fibrosis.
They have reported an AUC (area under the curve) of 0.86 using Receiver Operating
Characteristic (ROC) curve. ROC curve analysis can be used to analyse performance of a
model or the accuracy of a test to discriminate diseased cases from normal cases. The AUC
values range from 0 to 1 (1 indicating perfect discrimination and 0.5 indicative of what can be
expected due to chance alone). Forns et al. selected a cut-off point with a 95% certainty of
the presence and absence of fibrosis, assuming that 5% of false negative results are clinically
acceptable. However, the stepwise forward or backward selection – an automated variable
selection technique, has an elevated risk of over-interpreting chance features of the data
[Kutner et al, 2005]. That is, Type 1 error rates are higher than claimed and the confidence
intervals are falsely narrow.

This method of variable selection tends to overstate the

importance of included variables and does not perform best in the presence of collinearity.
However, the study established the possibility of identifying patients with chronic HCV
infection without significant liver fibrosis by analysing clinical, biochemical and hematologic
variables.

Liver biopsy could elevate sampling error because only 1 part in 50,000 of the organ is
sampled (Wai et al., 2003). If the disease is not uniformly spread throughout the liver, there
is a chance that diseased parts would be missed. Furthermore, inter and intra-observer
discrepancies of 10% to 20% in assessing hepatic fibrosis have been reported, which may lead
to an understating of Cirrhosis (Wai et al., 2003). Thus, the imminent need to develop a noninvasive, accurate, reliable, simple, inexpensive and readily available model to predict HCV
infection using routinely available laboratory tests results. Wai et al. based their findings on a
retrospective cohort study which included 579 adult patients diagnosed with chronic Hepatitis
C. The exclusion of incomplete data by Wai et al. has affected the overall variability and
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reduced the power by introducing unwanted bias. Hence, for this reason this study will
employ multiple imputation (MI) to account for such a situation. Wai et al. utilise the forward
selection method, and the implications of such automated variable selection has been
discussed above. The limitations of this study lie in the fact that 50% of the cohort who had
significant fibrosis were from a hepatology clinic; hence the result of this study is biased and
not able to be easily generalised. However, they showed that it is possible to develop an
index that can measure the severity of liver Cirrhosis and fibrosis, thus decreasing the need
for an invasive procedure like biopsy. The index, called APRI (AST to Platelet Ratio index),
could accurately predict Cirrhosis in 81% of the cases.

Borroni et al. (Borroni et al., 2006) conducted a comparison study of five predictive indices
(including the model proposed by Wai et al.) and scores to determine their accuracy,
attempting to formulate a new model with increased accuracy. The five models tested were:
(i) the AST/ALT ratio (AAR); (ii) the Cirrhosis discriminant score (CDS) proposed by
Bonacini et al. (1997); (iii) the AST to platelet ratio index (APRI) proposed by Wai et al.; (iv)
the formula proposed by Pohl et al. (2001); and (v) the age-platelet index (API) proposed by
Poynard et al. (2004).

These models were analysed on the basis of their sensitivity,

specificity, positive and negative likelihood ratios (PLRs and NLRs), and positive and
negative predictive values (PPVs and NPVs).

These statistics were calculated for two

combinations: (i) positivity of all the tests (combination A) and (ii) positivity of at least one of
the tests (combination B). Upon multiple-regression analysis, the authors found out that only
API and APRI were independently associated with the diagnosis of Cirrhosis. Hence, these
two models were combined to determine if the diagnostic accuracy could be improved.
Combination A improved the specificity of diagnosis and the PPV but reduced the sensitivity,
whereas combination B slightly improved the sensitivity of diagnosis with a decrease of
specificity (Borroni et al., 2006). This translated into a good PLR (24), but insufficient NLR
(0.6), for combination A and suboptimal PLR and NLR for combination B (4.3 and 0.3,
respectively). All the models studied showed high specificity but low sensitivity in detecting
Cirrhosis. The retrospective nature of this study may lead to unknown bias for various
variables and raises questions on the external validity of the result. Thus, the improved model
cannot be generalised but works well for Hepatitis C virus positive patients with a low
prevalence of Cirrhosis (Borroni et al., 2006).
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In addition to the above studies, Poon et al. (2005) published their findings after a pilot study
designed to identify disease markers associated with liver fibrosis using proteomic-based
fingerprinting model for the prediction of liver fibrosis. The predictive model developed by
Poon et al. using artificial neural network (ANN) achieved a high level of predictive accuracy
of around 96%. In their search for possible disease markers, they identified age, sex, platelet
count, leukocyte count, haemoglobin, activated partial thromboplastin time, International
Nominated Ratio, bilirubin, total protein, albumin and alanine transaminase (ALT) along with
four proteomic features to be of significant importance to the diagnosis of liver fibrosis. The
calculated ANN indices had high correlation with the Ishak scores (obtained by biopsy). This
study was conducted on patients with chronic Hepatitis B and the results provide the evidence
of the possibility of developing a strong predictive model for HCV infection.

Currently, ELISA (enzyme-linked immunosorbent assay) is used as the screening test for
HCV infection. ELISA is a screening test that detects the presence of HepC in the blood
serum which indicates that the patient may be infected, may be a healthy carrier or may be
capable of transmitting HCV.

RIBA (recombinant immunoblot assay) is used as the

supplementary test or as a confirmatory test and is mandatory on patients with a positive
ELISA result. An HCV RNA test is conducted as a follow up to the RIBA to determine the
amount or the presence or absence of HCV RNA to confirm the diagnosis after RIBA. The
ELISA and RIBA test results and their interpretation is summarised in Table 3.

The current study differs from Forns et al. and Wai et al. in that we use incomplete data,
unlike Wai et al.; and we use more data mining techniques, unlike Forns et al., to look into the
pathology results of general patients (with or without HCV infection) in an attempt to identify
disease markers for HCV infection and to develop a strong predictive model through data
mining techniques.
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Table 3: Current Tests for HCV infection
AntiAnti-HCV
HCV
(RIBA)
(ELISA)
Negative Negative
Positive Positive
Positive Positive

Positive
Positive

HCV
RNA

Interpretation

Negative No infection
Positive Ongoing infection
Negative Past or current infection. Additional or repeat
testing should be done to exclude fluctuating or
low levels of viremia.
Negative
Positive False positive ELISA; no infection
Indeterminate Negative Situation unclear, consider additional testing

Negative Negative

Positive

New (acute) HCV infection or chronic HCV
infection in an immunocompromised person
unable to make adequate antibodies.
Source: www.medicinenet.com, accessed Nov, 2010.

The AGDHA estimates 9,600 new cases of HCV infection each year and regards testing as
the primary tool for diagnosis and assessing the prognosis of chronic HCV infection. This
instigated the development of the National Hepatitis C Testing Policy (AGDHA, 2007) to
provide the stakeholders and the community with information regarding testing regimes,
outcomes and matters associated with Hepatitis C. A powerful predictive model will lighten
the cost of testing to the government and allow resources to be directed towards improved
treatment that can be made available to people with the HCV infection.

2.3

Missing Data

The intent of any statistical analysis is to provide valid inferences about the population of
interest. Missing values threaten this goal as discussed below. The data set analysed for this
study has various proportions of missing values for cases, as not all patients were subjected to
the same type of blood test. Little and Rubin (1987) have established that deleting cases with
missing values has serious drawbacks. Deletion of incomplete cases from the dataset is an
inefficient technique and is a cause of bias if the undeleted cases are unrepresentative of the
entire sample.
Many methods have been developed and used by researchers to analyse datasets with missing
values. A brief description of some of the traditional methods is summarised in Table 4.
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Table 4: Traditional Techniques to handle Missing Data
Techniques

Description

Advantages

Casewise

Also known as complete-case analysis.

Easy to administer, available Discards large amount of useful information and reduces

Deletion

Eliminates all cases with missing

as default method in most

sample size, which can negatively affect the statistical

information.

statistical packages.

power. Estimates may be biased.

Pairwise

Another case exclusion method. Excludes

Preserves more information

Variation in the number of cases available for different

Deletion

cases if one or both of the values are

and is more accurate than

analyses. Estimates may be biased.

unavailable for correlation.

Listwise Deletion.

Mean/Median

Missing values replaced by mean/median

Easy to use and preserves

Can lead to biased parameter estimates. Shrunken

Substitution

of the available cases. An example of

more information for

variance estimates and degrees of freedom.

single imputation method.

analysis.

Hot

and

Cold Hot Deck replaces the missing value by a

Deck Imputation

Disadvantages

Missing values are replaced

Problematic if similar cases are not available. Potential

similar value from within the same dataset. by realistic values and avoid

for bias as there are no criteria to guide selection of

Cold Deck replaces the missing value by a

distortion of the distribution

complete cases to match against cases with missing

similar value from an external data source.

of data values.

values.

(Results summarised in table form from Schafer & Graham, 2002)

26

Inverse probability weighting, another technique to estimate missing values, is widely used in
design and analysis of surveys but has not expanded its reach beyond that area of application
(Clayton et al., 1998). To overcome the drawbacks of the techniques described above and to
avoid loss of information, Rubin (1987) developed the technique called multiple imputation
(MI) to handle missing data. MI is a predictive approach and blends both classical and
Bayesian statistical techniques. It relies on an iterative algorithm to create several complete
datasets that can be analysed by standard statistical methods (Patrician, 2002).
The technique of MI originated in the early 1970s to address survey non-response (Rubin,
1976), and has grown in popularity since. A search on www.sciencedirect.com with the
keyword “Multiple Imputation” identified 2,255 published articles in all science journals and
books since 1991 (Figure 5).

Number of Journal, Book,Reference articles on
Multiple Imputation Since 1991
700
600

Number

500
400
300
200
100
0
1990

1995

2000

2005

2010

2015

Year

Figure 5: Number of publications per year in Journals and Books
Source:www.sciencedirect.com, accessed November, 2010.
The popularity of this technique has grown exponentially and is continuing to grow as
indicated by several review papers (for example, Rubin [1976,1987, 1996]; Little [1992];
Meng [1994]; Schafer [1997]; van Buuren, Boshuizen, and Knook [1999]; Little & Rubin
[2002]; Carlin et al. [2003]; Royston [2004, 2005a, 2005b, 2007]; Reiter and Raghunathan
[2007]; Carlin, Galati, and Royston [2008]; Royston, Carlin, and White [2009]; Zuber et
al.[2009]; White, Daniel, and Royston [2010]; and Steele, Wang, and Raftery [2010]).
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Types of missingness can be categorised as missing at random (MAR), missing not at random
(MNAR) and missing completely at random (MCAR). The following explanations of the
three missing mechanisms are adopted from Shafer and Graham (2002).
Let R be the indicator variable that identifies what is known and what is missing, and it
takes values 0 or 1 according to whether the corresponding value is known or missing.
Let
where

denote the complete data which can be partitioned as
are the observed and missing components respectively.

According to Rubin’s definition, missingness is classified as MAR if
. That is, the probability of missingness does not depend on the missing
values but on the observed values.
MCAR, a special case of MAR, occurs when the probability of missingness does not
depend on the observed values either. That is,

.

When the MAR assumption is violated and the missingness depends on

, then the

missing data are said to be MNAR. For such data, the reason for missingness must be
accounted for in the model to obtain valid results.
The missing data mechanism is said to be ignorable if the missing data are MAR and the
parameters of the data model and missing-data mechanism are distinct (Rubin, 1976). The
estimates can then be averaged to get the pooled estimates of the parameter of interest.
MI inference involves three distinct phases. First, each missing value is replaced by a set of
m>1 plausible values drawn from their predictive distribution. By doing this, one is able to
produce „m‟ complete datasets, each of which can be analysed by complete-data methods
(Schafer & Olsen, 1998). Rubin (1987) has shown that with 50% missing information, m = 5
imputations are sufficient in practice to calculate estimates. Horton and Lipsitz (2001) have
suggested that to determine an appropriate number of imputations one must carry out replicate
sets of „m‟ imputations and determine the stability of the estimates between sets. Second,
each „m‟ complete dataset is analysed using standard complete data analysis techniques.
Point estimates and variances are recorded for each analysis for use in the next phase. Third,
after conducting m imputations, the results of the analyses of the m datasets are combined for
the inference. The estimates obtained in phase two of the MI process are combined using
Rubin‟s (1987) rules to produce the overall estimates. Estimates obtained in this manner
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account for sample bias and are believed to be closer to the true population values (Wayman,
J. 2003).
Richman et al. (2007) conducted an experiment on various methods to fill in missing values.
They tested filling in missing values on climatological data which has been altered to produce
missing values. Mean squared error (MSE) and mean absolute error (MAE) of the imputed
data with the complete data was conpared. Methods used for filling in missing values
included listwise deletion, mean substitution, simple linear regression, stepwise forward
regression, and machine learning techniques support vector regression (SVR) and artificial
neural network (ANN). The result showed that listwise deletion was the worst method having
the highest MSE and MAE. SVR and stepwise regression were found to be the most effective
methods for imputing missing values, with the former reportedly producing lowest MSE and
MAE.
Marston et al. (2010) explored the potential of using MI in a large primary care database in
the UK – The Health Improvement Network (THIN) database.

Some of the information

contained in THIN included information on socio demographics, symptoms, diagnoses and
health status indicators. THIN had 22% - 38% of the data missing on some health indicators.
The Fully Conditional Specification (FCS) algorithm was used for MI on all health indicators
(van Buuren et al. 2003). Under the FCS framework, continuous variables were imputed
using linear regression, binary variables were imputed using logistic regression and ordinal
variables were imputed using ordered logistic regression. The imputed data was compared
with the data obtained from the Health Survey for England (HSE) and British National Heart
Study (BNHS) data. It was discovered that continuous variables like height, weight and blood
pressure were successfully imputed and the imputed data was consistent with those obtained
in HSE and BNHS whereas binary and multinominal variables were less consistent. The
findings also emphasise the importance of underlying assumptions for MI and pointed out that
naive application of MI may lead to misleading results.
In large studies, missing data should be addressed intelligently and in cases like these, MI is
the best method (Mishra et al., 2004). Mishra et al. used an example on body mass index
(BMI - a composite variable computed using weight and height) from the Australian
Longitudinal Study of Women‟s Health (ALSWH) and identified a subset of variables used to
impute BMI values where case deletion may have introduced bias. This example illustrated
that MI corrects for bias when data are not missing at random and that MI of a key variable
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can be simplified by using a subset of variables closely related to the missing variable rather
than using all the available variables.
According to Zhou et al. (2001), large medical databases provide vital information about
numerous outcomes, diagnoses and measurements but suffer from one annoying problem –
missing data. Mean and median imputations are simple to implement but have serious flaws.
They tend to underestimate variability and distort the data structure by ignoring and not
maintaining the relationship between variables.

Using the database collected via a

randomised control trial to study the effect of doctor changes on patient satisfaction, Zhou et
al. used predictive mean matching (PMM) method to impute missing values on covariates and
found that PMM preserves the range of the data and avoids extrapolation beyond the range,
which are useful properties to have. In datasets where the normality assumption is violated,
PMM is more appropriate than regression methods (Horton & Lipsitz, 2001). PMM uses
imputation based on the predictive distribution and uses draws from the predictive distribution
rather than the means. As a result it preserves the original data structure and upholds the
relationship between variables. PMM also reflects the additional uncertainty in the imputed
variables and therefore is better than single mean or median imputation.
One of the advantages of using MI is that multiply-imputed datasets can easily be generated
using free statistical software such as R (http://www.r-project.org/).

For example, the

Multiple Imputation by Chained Equations (MICE) library in R provides a variety of
imputation models including PMM and regression methods.

MICE also allow users to

develop defined programs which may be useful in handling of data MNAR hence it is flexible
in its approach and application. The latest version of the SPSS (now known as PASW) is also
well equipped for study from the patterns of missingness to imputation to analyses using
various standard statistical procedures. The statistical procedures that support MI datasets in
PASW 18 are as follows:











Frequencies
Descriptives
Crosstabs
Means
One-Sample T Test
Independent-Samples T Test
Paired-Samples T Test
One-Way ANOVA
GLM Univariate, GLM Multivariate, and GLM Repeated
Linear Mixed Models
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Generalized Linear Models and Generalized Estimating Equations.
Bivariate Correlations
Partial Correlations
Linear Regression
Binary Logistic Regression
Multinomial Logistic Regression
Ordinal Regression
Discriminant Analysis
Chi-Square Test
Binomial Test
Runs Test
One-Sample Kolmogorov-Smirnov Test
Two-Independent-Samples Tests
Tests for Several Independent Samples
Two-Related-Samples Tests
Tests for Several Related Samples
Cox Regression

For the purpose of this study, multiply imputed datasets will be created using PASW 18 and
will be analysed to produce logistic regression and decision tree models for prediction and
classification of HCV infection.

2.4

Data Mining and Knowledge Discovery

Fayyad et al. (1996) defines the process of knowledge discovery in databases as the “nontrivial process of identifying valid, novel, potentially useful, and ultimately understandable
patterns in data”. Data Mining (DM) is the basis of this process of identifying hidden
knowledge in large and complex databases. According to Famili and Ouyang (2003), DM is
the process of unravelling previously unknown and hidden knowledge in large datasets. The
DM process involves several iterative steps which include data pre-processing, analysis and
post-processing. Techniques such as classification trees and logistic regression have become
popular methods of classification of patients into risk groups (Hosmer et al., 2000; Therneau
et al., 1997; Breiman et al., 1984; Quinlan, 1993; Clark et al., 1992; Zhang et al., 1999).
Hospitals and clinics have accumulated large datasets over many years. These datasets may
contain some useful information that can be used to determine the risk of disease and can be
effectively used to assign patients to randomised control trials to get more insight into chronic
diseases.
DM algorithms and knowledge discovery techniques have recently been a rewarding but
challenging area in determining hidden patterns in large and complex datasets. In the health
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care industry, DM techniques evolved from assimilation of artificial intelligence with large
databases (Perry et al., 2004). An important feature of the DM algorithm is that it can build a
model on the training set and test the model on the validation set, as a diagnostic measure to
determine its efficiency.

Classification is considered to be the primary task aimed at

extracting useful information and learning hidden patterns in large and complex datasets.
The decision trees were originally derived from research and practice in the interface between
logic, management and statistics (Rokach et al., 2008). Today they are used as an effective
tool in areas such as text mining, information extraction, machine learning and pattern
recognition. One of the benefits of decision trees is their versatility. They can be used for a
variety of tasks such as classification, regression, and clustering and feature selection. The
decision trees can handle a variety of input data (including nominal, numeric and textual data
types), are self-explanatory and easy to follow, and available in many data mining packages
over a variety of platforms. They have high predictive performance for comparatively small
computational effort and can handle datasets with missing values.
The decision trees are an important classification tool and are one of the most successful
learning algorithms. Tree based models are most widely used for inductive learning and are
attractive because of their simplicity, comprehensibility, absence of parameters, and
versatility to handle mixed-type data (Subramanian et al., 2010). They use a divide-andconquer strategy and are the best known and most successful machine learning technique
(Blockeel et al., 1998) that can be used to discover hidden patterns and extract features in
large databases.
Lau-Corona et al. (2009) effectively used the C4.5 classification algorithm often referred to as
statistical classifier and based on the concept of information entropy, developed by Quinlan
(1993), to generate decision trees using data on patients with chronic Hepatitis C. The study
found that decision trees are highly useful (with an overall classification error of only 14.9%
based on 10 fold cross-validation) in classifying these patients in clinical subgroups based on
their fibrosis scores. The authors established that decision trees helped enhance the ability to
assess fibrosis scores on patients who did not undergo liver biopsy and also provide useful
information on disease progression.
Gill et al. (1996) identified classification and regression tree analysis as the most effective
tool for predicting morbidity in babies based on a number of foetal and maternal factors
gathered through ultrasound and clinical measurements throughout pregnancy. Kuhnert et al.
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(2000), in a study on injuries resulting from motor vehicle accidents, found the parameter-free
classification and regression tree models most encouraging. Freedman et al. (2002) used
recursive partitioning analysis to build classification trees to identify subgroups with
significantly different risk for ipsilateral breast tumour recurrences. Crichton et al. (1997)
used classification and regression tree analysis for the diagnosis of patients with chest pain
and found this technique (in comparison to correspondence analysis and Bayes classification)
of potential value in identifying key indicators and cut points for continuous variables. Other
examples of the use of the classification and regression tree technique in classification of
patients into risk groups can be seen in Zhou et al. (1998), El-Solh et al. (2001) and Glass et
al. (2003).
Logistic Regression, on the other hand, uses a dataset to derive coefficients for an equation
that calculates the probability that a new case is of a certain class. The logistic model,
commonly known as the logit model in econometrics, was introduced by Joseph Berkson
(1944) while working on his statistical methodology of bio-assay. The term log-Odds was
developed by George Barnard (1949) in the context of Berkson‟s logit model. Logistic
regression (Hosmer & Lemeshow, 2000; McCullagh & Nelder, 1989), devised for
dichotomous outcomes, is particularly appropriate for models involving disease states and
decision making.

One of the aims of this study is to find the best predictive and

parsimonious, yet clinically significant, multivariate logistic model to compute the risk of
HCV infection using the pathology dataset.
This study will utilise the developed algorithms available in R, Rattle, Weka and PASW to
build models for classification and prediction of cases positive to HCV infection using
decision trees and logistic regression, as mentioned above. Correct diagnosis of this viral
disease is critical for patient management and treatment. The overall aim is to search for the
most informative variables that help in the classification of positive and negative cases. Thus
one aim of this study is to achieve a low misclassification error. Simple diagnostic rules are
another aim of this study, so we will also look into developing appropriate rules or models
consisting of one or more variables with a particular threshold that can be used to discriminate
positive cases from the negative cases.
“If you torture the data long enough it will confess.”
–R. Coase quoted by G. Tullock
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Chapter 3

Methodology

This study is aimed at determining meaningful patterns from a large dataset comprising 45
variables collected on 18625 patients. The data on de-identified patients, collected by ACT
Pathology over a period of ten years, is almost entirely numerical in nature and so quantitative
methods are required to extract the most meaningful information from the data. Since one
aim of the project is to enhance the predictive power of routinely performed diagnostic tests,
no new data collection is planned e.g. no extra tests, and no qualitative data collection is
planned e.g. any patient interviews. The dataset comprises single pathology tests conducted
on patients for Hepatitis A, Hepatitis B or Hepatitis C. Patients who do not have those tests
requested and people with multiple tests have been excluded from the database.

Major problems encountered in the analysis of the dataset are the missing information,
imbalance of positive and negative Hepatitis C cases (based on cut-points currently used by
ACT Pathology), skewness and kurtosis of some variables. In this chapter, the problems and
the proposed procedures to handle data analysis are explained under the following sub-titles:


Exploratory Data Analysis



MI Procedure



Logistic Regression



Decision Tree

3.1

Exploratory Data Analysis

Researchers have taken a general overview of their data before commencing more detailed
analysis for many years. However it was John Tukey (1977) who coined the phrase
“Exploratory data analysis” and encouraged researchers to get a good insight into the data,
uncover the underlying distributions of the variables, and detect outliers and anomalies.
Hence, descriptive tools like histogram, box-and-whisker plot and bar charts will be used at
this stage to gain an understanding of the distribution of each variable in the pathology
dataset.
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The data was filtered to remove rows with more than 60% missing values. Variables with
more than 40% missing information were also deleted from the dataset. These cut-off values
were chosen to ensure that a majority of cells in any row or column were filled before
commencing multiple imputation and subsequent analysis.
Another problem encountered during the pre-processing stages was the huge imbalance in the
number of positive and negative cases. Methods to deal with imbalanced classes include
oversampling the minority class, under-sampling the majority class, SMOTE (Synthetic
Minority Over-sampling Technique) (Japkowicz & Stephen (2002)). There are other methods
available like Class Confidence Proportion but under-sampling was adopted because it can be
implemented in R. Due to lower numbers of HCV positive cases, all the positive cases in
each of the imputed datasets were retained for consequent analyses. In addition, an equal
number of negative cases were randomly selected to obtain a dataset with a balanced number
of positive and negative cases. Thus, the term „balanced dataset‟ refers to all the positive
cases and an equal number of negative cases for various imputed datasets and complete cases.
Principal Component Analysis is a long-standing method (invented by Pearson (1901)) for
reducing the dimension of a data set. An eigenvalue decomposition of the correlation matrix
forms the basis of the method. It has the property of reducing the dataset into a more
manageable dimension before further analysis while maintaining as much as possible of the
variation present in the original dataset. The purpose of administration of PCA was primarily
to reduce the data dimension (and retain key variables) to a manageable size for further
analysis. The results from applying PCA to the pathology dataset will be discussed in the
next chapter.

3.2

Multiple Imputation (MI)

Analysis of multivariate data is often negatively affected by incompleteness. This causes loss
of efficiency, complications in data analysis and bias due to differences between the observed
and unobserved data (Barnard & Meng, 1999). To overcome this problem, MI, a principled
statistical imputing technique, will be used to fill in the missing values. MI is a general and
statistically valid method for handling the missing data problem (Buuren et al, 2006). It has
been implemented in SPSS, with options for simple mean imputation as well as more
complex methods such as EM and ML imputation. Several packages in R carry out multiple
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imputation, including MICE (multiple imputation through chained equations), PAN (multiple
imputation for panel and clustered data) and „mi‟ (a very new package for multiple imputation
using iterative regression). Instead of filling in a single value for each missing value, Rubin‟s
(1987) MI procedure replaces each missing value with a set of plausible values that represent
the uncertainty about the right value to impute. Using MI, the multiple completed datasets are
then ready for analysis using any standard procedure for complete data and the results are
combined from these analyses.

Single Imputation techniques (filling in missing values by

means or medians or best-prediction) are easy to implement but they treat the missing values
as if they were known, so they do not preserve the inherent variability of the imputed data and
can be badly biased (Rubin, 1987). MI is less biased than single imputation methods,
increases the efficiency of estimation and also preserves the variability in the dataset. Hence,
it is the preferred method to fill in missing values in the dataset used in this study. One
downside is that the resulting estimates are very sensitive to the model for the probability of
response (Little and Rubin, 1987). The probability of response can be modelled by using
linear regression models for continuous variables, logistic regression model for binary
variables, multi-nominal logistic regression models for categorical variables with more than
two classes or a combination of different models for mixed data.

In this thesis the analysis of missing values and MI process will be implemented in PASW 18.
PASW 18 (formerly known as SPSS) provides a platform for dealing with missing values on
small and large datasets.

The procedure is outlined in PASW18 Missing Value Analysis

User Manual; a concise synopsis is presented here.

The first step in creating a multiply imputed dataset was to examine the pattern of
missingness and to get a first impression of the extent of incompleteness. Some multiple
imputation methods do not apply to special patterns of missing data. Hence, it is necessary to
determine the missing data pattern to determine whether MI is necessary.
Common missing data patterns (shown in Figure 6 below) are „monotone‟, „nested‟ and „nonmonotone‟. In case of the monotone pattern of missingness, the data can be arranged so that
each successive variable has more missing values than its predecessor (Little & Rubin, 2002).
Non-monotone data cannot be sorted in any sequential order of missingness; the missingness
is rather arbitrary and is more common in clinical research.
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Other forms of missingness are as follows:

Obs
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(i)

two variables are never jointly observed in a dataset, and

(ii)

univariate – missingness confined to a single variable.
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D: Non-monotone Pattern

Var=Variables

Missing

Figure 6: Common Patterns of Missingness

„Analyse Patterns‟ in PASW 18 provides a schematic diagram (similar to that shown in Figure
6) as a descriptive measure of the missing pattern and was used as an exploratory step before
MI. This procedure also provides a table that displays descriptive information on each
variable sorted by the percentage of missing information.

The next step in MI procedure was to impute missing values. For a non-monotone pattern of
missingness (as in the dataset used for this study), Fully Conditional Specification (FCS) is an
appropriate choice of MI procedure. FCS is an iterative Markov chain Monte Carlo (MCMC)
method.

Using the notations defined in Section 2.3, let
and
variables in
. Let

be one of the

so that
except

. Thus,

incomplete random variables
denote the set of

and

be a set of complete covariates on the same case. FCS is a model

based approach that imputes the data on a variable-by-variable basis. Given a model
parameter

, FCS is an attempt to define

by specifying a conditional density
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for each

(van Buuren, 2007). The conditional density is then used to

generate plausible values for a variable by iterating overall conditionally specified
imputation models (van Buuren, 2007).

The models used to impute missing values included predictive mean matching (PMM) for
scale variables and logistic regression for binary variables. PMM is a better choice to impute
missing values than regression, especially when the normality assumption is violated (Horton
& Lipsitz, 2001). The PMM approach builds a linear regression on the observed values
conditional on other variables included in the model. The procedure (explained in Zhou et al.,
2001) is as follows:
1.

Choose the variable with most missing data to impute;

2.

Bootstrap sample from complete data; fit a model predicting missing variable
conditional on all other variables using all other variables;

3.

Temporarily fill in all other missing data for incomplete cases, and apply step 2 to
incomplete cases to compute predicted means;

4.

Match each case with missing data to five complete cases based on distance between
predicted means;

5.

Randomly choose one of the five matched complete cases and use the data from
complete cases to compute all missing variables for incomplete case;

6.

Repeat steps 2-5 five times to create five imputed datasets;

7.

Steps 1-6 may need to be repeated depending on the missing data pattern until all
missing data has been imputed multiple times.

To ensure that the imputed values are plausible, the range of the scale variables needs to be
constrained. Thus, if the imputed value falls outside the specified maximum/minimum value,
an extra step is added to the procedure above; the procedure draws another value until it finds
one within the range.

The last stage of the process was to check that convergence was acheived. The descriptive
statistics (mean and standard deviation) for all iterations are used to obtain a plot to check
model convergence. If the mean and standard deviation appear to have settled at particular
values, the process is deemed to have converged. There is currently no mathematically proven
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test of convergence, although the plots of parameter estimates like mean and standard
deviation provide some information about convergence.

Once the imputed dataset is ready, complete data analysis techniques were used to develop
predictive and classification models for HCV infection. The data analysis techniques used are
discussed in the next section.

The imputed datasets can then be used as complete datasets and analysed using an array of
statistical techniques (this thesis will concentrate on logistic regression and decision trees).
The results of a parametric analysis such as logistic regression can be combined, by a process
known as „pooling‟. The following two steps (explained in Zhou et al., 2001) are used to
„pool‟ the estimates obtained from the analysis of the five imputed datasets:
1. The average of the parameter of interest is computed using
2. Estimate of the variance of the parameter of interest,
where

;

, is obtained using

, average of the estimated variance of the parameter of

interest (referred to as within-variance) from the five analyses of the five imputed
datasets and

is the variance between the five imputations

(referred to as between-variance).

The process of MI is summarised in Figure 7.

ACT
Pathology
Database
(Incomplete)

Imputed
Dataset

Balanced
Imputed
Datasets

Logistic
Regression
Models

Pooled
Results

Figure 7: Imputation and Analysis Flowchart for ACT Pathology Dataset
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3.3

Logistic Regression

Ordinary regression analysis has become a popular method for describing the relationship
between a response variable (outcome) and one or more independent (explanatory) variables
(often called covariates). These models have been in use since the time of Galton (1885) and
are used extensively to model relationships between variables in hard sciences such as
biology as well as social sciences ranging from education to management.
When the outcome is discrete and takes binary values „0‟ or „1‟: „0‟ indicating the absence of
the condition (disease) and „1‟ indicating presence of the condition, the regression model is
then known as Logistic Regression. Special cases of these models were developed in the
1940s but the underlying theory was codified by Nelder and Wedderburn (1972). A useful
general reference for logistic regression in particular is in Hosmer and Lemeshow (2000).
Let the vector

be a set of

independent variables so that the conditional

probability that the condition is present (positive to HCV infection) can be denoted by
.
Then the logit of the multi-variate logistic regression model can be represented by the
equation:

and hence the logistic regression model by

Therefore, the Odds of the presence of disease among individuals with
as

can be defined

and the Odds of the disease being present in individuals with

be defined as
to the Odds for

can

. The Odds ratio, denoted OR, is the ratio of the Odds for
and can be computed by the equation:
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For the purpose of this study, the logistic regression model will be represented as shown here:

The steps involved in the logistic regression model building are described below.
After going through descriptive statistics of all the variables, highly skewed variables were
dichotomised. One such variable was HepC – the response variable. HepC was categorized
into class „0‟ and „1‟. Class „0‟ indicated negative to HCV infection and class „1‟ indicated
positive to HCV infection. The clinical cut-points used to create this new variable were based
on the information obtained from ACT Pathology (at The Canberra Hospital). Following this,
univariate logistic regression models involving all the covariates, one at a time, were built to
test the association with the response variable. This step was essential to shortlist variables
for multivariable analysis as 26 variables were available for analysis in the original dataset.
P-values and Odds ratio were used to determine the importance of each variable. Those with
lower P-value (<0.25) and with Odds ratio of below or above „1‟

were

considered for multivariate analysis.
The next step in the model building was testing for collinearity among the explanatory
variables. This was done by examining the correlation/association between the explanatory
variables. Highly correlated variables can cause problems in multivariate analysis as they
explain almost the same variability in the outcome, and leaving both in can result in
unexpected sign changes in the parameter estimates. It is therefore beneficial to exclude one
of a pair of highly correlated variable. Pearson‟s correlation coefficient was used to study the
association between quantitative variables, chi-square for binomial variables and t-test for
quantitative and categorical variables. Upon completion of univariate analysis, the variables
with

were selected for multivariate analysis along with variables known to

be of clinical importance. This process of variable selection agreed with those selected by
automated options (stepwise method and best subset method) available in R and by PCA.
This led to the final step in the model building process – fitting a multivariate model using all
the variables selected at the selection stages, and refitting while eliminating those variables
that did not appear to be important until a parsimonious model was obtained. For each
analysis, the dataset was split into a training set and a validation set in the proportion 70% to
30%. Each model was built on the training set of each imputed dataset and validated on the
test set. The large number of cases available makes the training-testing approach possible,
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whereas logistic regression models developed on smaller datasets rely more heavily on model
assumptions and do not split the data into two. A misclassification matrix and ROC curve
were used to evaluate the predictive power of each model.

Descriptive
Statistics of
each
variable.

Categorization
of highly
skewed
variables,
Dichotomisatio
n of the
response
variable.

Univariate
analysis to
select key
variables.
(Selection
confirmed by
automated
variable
selection tools)

Collinearity
Test among
independent
variables.

Multivariate
Logistic
Regression
Model Fitting
& Refitting
(Training set)
and Evaluation
(Validation set)

Logistic
Regression
Model for
classification of
HCV infection

Figure 8: Logistic Regression Model Building Process

3.4

Decision Trees

The decision trees were developed in the fields of machine learning by Brieman et al. (1984).
The main advantages are that they are conceptually fairly simple to read and interpret, and
this is one of the most common data mining models. Rattle uses recursive partitioning
algorithm (RPART) which is comparable to traditional CART and ID3/C4. In fact, RPART is
the CART equivalent in R and Rattle. The decision tree learning uses a divide-and-conquer
approach. It identifies an attribute that best partitions the training dataset as the splitting
attribute at the root node. Each node implements a decision rule that splits the attribute into
two classes (for example, HCV positive or HCV negative).

New nodes are created

recursively until all cases have been split into decision nodes based on a stopping criterion.
The decision trees perform better than traditional statistical methods because they are nonparametric models that introduce fewer prior assumptions regarding the covariates (Tirelli &
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Pessani, 2008). The decision tree models generated using Rattle uses the class proportions in
training set as default priors.
In the analysis of the imputed data for this study, the dataset was divided into training and
validation sets – 70% training and 30% validation. Here is a brief explanation of the RPART
algorithm (Loh, 2010):
For a training sample denoted by
with
observations where each
is a -dimensional vector of predictor
variables and is a class variable that takes one of values .
The splitting of a node

is done by using a node impurity function

, and the best split is

considered the one that minimises this function in the subnodes.
Given

be the number of training samples belonging to class
, let

to class , and define

so that

be the number of training samples in node belonging
. CART

(RPART in R) uses the Gini impurity function
and splits
two subnodes
. The best split is the one that minimises
(Loh, 2010).

into

The imputed datasets (one at a time) were analysed using Rattle with the presence or absence
of elevated levels of HCV as the binary response variable using other numerical independent
variables. The untransformed values of ALT, GGT and TBil were used for this analysis
because of the robustness and the ability of decision tree modelling to handle skewed data.
Initially, a full tree was grown using Rattle‟s default settings and then it was pruned using
parameters that control the size of the tree. These parameters used to prune the tree were
minimum split, minimum bucket and complexity parameter. Minimum split controls the
number of splits that must exist in the dataset at any node in order for that node to be
considered for a split. The complexity parameter controls the size of the tree and was used to
obtain optimal tree size. The minimum bucket refers to the minimum number of entities
allowed in any leaf node.
Once an optimal tree was obtained, it was evaluated on the testing dataset using the
misclassification error rate and area under the ROC curve. In the area under the ROC curve, a
value of 0.7 indicates a satisfactory discrimination; a value of 0.8 indicates good
discrimination and a value of 0.9 or higher indicates very good discrimination (Hosmer &
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Lemeshow, 2000). The decision rules can then be established and reported in an easily
interpretable fashion (using IF ...THEN statements) that can be used to classify a patient.
The data analysis processes used to build a predictive model for HCV infection are
summarised in Figure 9.

ACT Pathology
Dataset

EDA
(Preprocessing &
Data Cleansing)

Complete Cases

Logistic Regression
Model

Multiple Imputation

Five Multiply
Imputed Datasets
(Balanced cases
ready for analysis)

Decision Tree Model

Logistic Regression
Models & pooling
regression estimates

Decision Tree Model
for each imputed
dataset

Figure 9: Data Analysis Model
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Chapter 4

Results

The results of the analysis of the pathology dataset are reported here. They are presented
under the following broad headings:


Data Pre-processing and Cleansing including balancing



Complete Case Analysis



Missing Value Analysis



Analysis of the Imputed Datasets

4.1

Data Pre-processing and Cleansing

The pathology database, collected by ACT Pathology, from 1997 – 2007, has never been
analysed before.

The original database contains 45 variables (1 categorical and 44

numerical) and 18625 cases. It consists of the results of routine pathology tests on patients at
The Canberra Hospital. Since one aim of the project is to enhance the predictive power of
routinely performed diagnostic tests, no new data collection was undertaken.
The original dataset was studied for HCV positive and negative cases using clinical cut-points
on the response variable (HepC). Using the current cut-off for HepC, there were only 5% of
the 18625 cases positive to HCV infection whereas 48% were negative to HCV infection.

In

total, 47% (n = 8754) of the patients had missing data for HepC, and so could not be
identified as HCV positive or otherwise. Of these 47%, 68% (n = 5953) of the cases were
aged between 20 and 39. These patients could be in danger of living with the infection
undetected and later developing into chronic stages. Since there were no plans for more data
collection, a predictive model that could classify cases either as HCV positive or negative
would be beneficial for better patient management. A further breakdown of the original
dataset provided some useful information about the distribution of HCV cases by age (see
Table 5). The majority of the HCV positive cases (almost 92%) were aged between 15 and
59, of which about 41% were females and about 59% males.
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Table 5: HCV positive cases by Age in the ACT Pathology Dataset
Age
0-4
5-9
10-14
15-19
20-24
25-29
30-34
35-39
40-44
45-49
50-54
55-59
60-64
65-69
70-74
75-79
80-84
85+
Total

HCV
+Female
3
2
0
13
35
44
52
36
28
29
15
6
2
4
1
5
3
2
280

HCV+
Total
Male
Missing HCV+
3
28
6
1
28
3
1
52
1
5
313
18
28
927
63
36
1277
80
51
1555
103
56
995
92
80
542
108
50
336
79
52
303
67
16
192
22
4
143
6
9
89
13
7
70
8
5
55
10
2
26
5
2
14
4
408
6945
688
‘+’ = Positive

Due to large proportions of missing information on several variables, missing value analysis
was conducted on all the variables which were classified into two groups. The first group
included those variables which were retained for further analysis. These variables contained a
lower proportion of missing values compared to those in the second group.
The flow chart in Figure 2 summarises the pre-processing and classification of variables in the
database.
The ACT Pathology database was trimmed down from 45 variables to 27 variables. Those
variables with more than 40% missing information were deleted from the dataset. Complete
cases were used for further analysis to determine a predictive model for HCV infection. Five
multiply imputed datasets were created with missing values replaced by plausible values
using the Missing Value Analysis tool in PASW18. The imputed datasets were analysed
individually using logistic regression and the results combined to generate pooled estimates.
Classification models (decision tree models) were also generated using each of the multiply
imputed datasets.
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Of the 7355 cases selected for complete case analysis, 430 cases were classified positive to
HCV infection and the rest were HCV negative.

The models built on all cases were

asymptotically biased towards true negative because of all cases there were only 6% (of 7355)
HCV positive cases. This caused huge bias in classification errors. To avoid overstatement of
the misclassification error due to imbalance in the number of HCV positive and HCV
negative cases, 430 cases were randomly selected from 6925 HCV negative cases and
combined with 430 positive cases for further analysis. Hence, 860 cases were selected for
complete cases analysis of HCV infection. That is, balanced datasets (under-sampling of
HCV negative cases) were created to reduce this bias.
Table 6 provides descriptive statistics of the 27 variables. The summary statistics include the
number of cases for each variable, central measures of tendency (mean and median), and the
measures of dispersion (standard deviation, the extreme values and the range). It also contains
the information on skewness and kurtosis regarding the distribution of each variable.
Most of the variables listed in the table above are heavily skewed and peaked. Graphical
representations of the available cases for some key variables were studied to determine
appropriate transformations to nullify the effect of skew and kurtosis. In order to maintain
simplicity in the interpretation of the predictive model the skewed variables were
dichotomised based on clinical cut-points available in the Pocket Guide to Diagnostic Tests
(3rd Edition). GGT, ALT and Tbil are other continuous variables that were dichotomised for
logistic regression modelling. The original forms of these variables had a large kurtosis and
were hugely skewed as seen in Table 6. Simple transformations (like taking logarithm, square
root, reciprocal) did not improve the situation and box-cox-power transformation resulted in a
complicated model therefore these variables were dichotomised using clinical cut-points
published in the Pocket Guide to Diagnostic Tests (3rd Edition).
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Table 6 Summary Statistics of Available Cases
Statistics
Variables

N
Valid

Mean

Median

Std. Deviation

Skewness

Kurtosis

Min

Max

Missing

HepC*

11680

6945

1.33

0.08

14.01

62.02

4394.88

0.01

999

Age

18625

0

40.26

35

17.56

0.75

-0.16

0

108

ALB

12812

5813

43.2

44

5.61

-1.14

2.53

10

58

ALKP

12669

5956

94.09

75

85.78

9.23

149.63

16

2485

ALT

12533

6092

56.55

26

188.06

16.87

385.19

3

6175

Bas

17811

814

0.04

0.03

0.13

81.54

7588.45

0

12.93

Crea

12352

6273

89.83

80

73.18

11.14

160.19

13.99

1756

Eos

17914

711

0.17

0.13

0.17

6.18

105.76

0

5.5

GGT

12539

6086

80.52

29

202.26

9.71

164.16

5

6640

Hb

18406

219

137.47

138

17.49

-0.5

1.24

34

231

Hct

18290

335

0.4

0.4

0.05

-0.48

1.31

0.12

0.73

K

12608

6017

3.99

4

0.44

0.58

1.98

2.1

7.7

Lymph

18116

509

2.07

1.96

1.81

50.88

3781.56

0

157.91

Mch

18398

227

30.51

30.6

2.2

-0.47

5.23

15.5

47

MCHC

18277

348

342.44

343

7.21

-0.71

2.35

283

381

MCV

18398

227

89.03

89

5.77

-0.02

5.22

54

136

Mono

18116

509

0.57

0.53

0.49

43.96

2955.67

0

40.35

Neut

18116

509

5.18

4.65

2.87

6.26

127.93

0

88.56

Plt

18075

550

266.72

261

87.09

1.84

16.1

1

1729

RCC

18283

342

4.52

4.53

0.6

-0.4

1.64

1.22

8.98

RDW

18386

239

13.69

13.4

1.59

3.29

19.14

10.7

33.4

Sodium

12663

5962

139.65

140

3.08

-0.92

4.24

111

157

Tbil

12530

6095

14.4

10

27.28

12.96

228.31

2

753

Urea

12330

6295

5.59

4.9

3.64

5.74

55.9

0.4

75.4

WCC

18125

500

8.16

7.6

7.07

51.18

4052.01

0.2

650

*Response variable. Min = minimum. Max = maximum.
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4.2

Complete Case Analysis

There were 7355 cases remaining after deleting cases with missing information. Of these
7355 cases, only 430 HCV positive cases were identified and there was a huge imbalance
between positive and negative cases in the dataset.

To overcome this problem, which

threatened to understate misclassification error rate, complete case analysis was conducted on
860 cases – all of the 430 positive cases and 430 negative to HCV infection (randomly
selected from all negative cases).

The discretion of positive and negative cases was

undertaken by using the clinical cut-point currently used by The Canberra Hospital.

4.2.1 Principal Component Analysis (PCA)

PCA was used as an exploratory tool to study the importance of quantitative variables in
explaining the variations found within the ACT Pathology dataset. Some variables were
highly correlated so this method of data reduction was useful in identifying those variables
which contributed heavily towards the total variance in the dataset. The variables used here
were standardised because they were measured on different scales; standardising the variables
avoids the dominance of those variables with huge numeric values on the total variance. PCA
was performed on complete case dataset. Singular Value Decomposition approach for PCA (in

rattle) requires the data to be standardised and scaled prior to PCA. Hence, the dataset was
standardised to a mean of 0 and a standard deviation of 1 before PCA. The variables used
were measured on different scales, hence the need for standardisation to avoid dominance of
those variables with large numeric values on the total variance.
PCA was administered on 602 cases (training set) in Rattle, and those variables with
relatively large weightings (negative or positive) in the first ten components (accounting for
approximately 80% of the variance) were selected for further analysis. Kraser‟s rule (uses a
cut-off value of 1.0) was used to determine components to be retained. Jolliffe‟s more rigid
cut-off value of 0.7 was considered but not used because it only eliminated too few variables .
The results of the first round of PCA is summarised in Table 7.
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Table 7 Variables retained after the first round of PCA
AGE
Hb
Neut

ALT
Hct
Plt

ALB
K
RCC

ALKP
Lymph
RDW

Bas
Mch
Sodium

Crea
Eos
MCHC MCV
Tbil
Urea

GGT
Mono
WCC

A scree plot helps determine the number of variables to retain in a PCA. It is a plot of
eigenvalues in the descending order of magnitude and helps identify the point beyond which
additional components no longer increase the amount of variance accounted for by a
substantial amount. The scree plot shown in Figure 10 shows that the first eight components
make major contribution to the total variance, hence components 9 and 10 were not required
in determining the variables to be retained for further analysis.
The variables retained after the second round of PCA included Age, ALT, ALKP, Crea, GGT,
Hb, Hct, Lymph, Mch, MCV, Plt, RCC, RDW, Sodium, Tbil, Urea and MCHC. These
variables contributed significantly towards the overall variance. The variable „ALB‟ was also
retained due to its clinical significance for HCV infection (Wai et al., 2003). Hence, these
variables were used for further analysis in building a predictive model for HCV infection.
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Figure 10 Scree Plot of the first 10 components of PCA

Upon further examination, it was found the „MCV‟ and „Mch‟ (Pearson‟s correlation = 0.98)
were very strongly positively correlated, hence „Mch‟ was dropped from subsequent analysis.
Similarly, very strong positive correlation was found between „Hb‟ and „Hct‟ (Pearson‟s
correlation = 0.96) – the latter dropped from subsequent analysis, and between Hb and RCC
(Pearson‟s correlation = 0.86) so RCC was dropped to avoid the problem of collinearity.
Hence, all the logistic regression models were generated using the 15 remaining independent
variables and the target variable.
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4.2.3 Multiple Logistic Regression Model
Of the 860 cases selected for this analysis, 430 cases were classed “0” and the other 430 were
classed “1” based on the following definition:


Cases whose



“0” otherwise (cases with HepC < 1).

(cases suspected with the condition) were classed as “1” ;

This cut off was established with expert advice from clinicians at The Canberra Hospital.
A new binary variable, “hepcclass” was generated to be the target variable. It is a binary
variable representing the absence and the presence of Hepatitis C based on the criteria
provided above.
The multiple logistic regression analysis was carried out on 15 variables pre-selected as
relevant using PCA.
The “regsubsets” function, available in „leaps‟ library in R, was used to select the best subset
of 10 variables from the 15 available for analysis based on BIC. The resulting model was
then built on the 10 best variables, and on refinement and evaluation, the following variables
were found to be significant in determining the presence or absence of HepC:
i.

Age – a continuous variable with values ranging from 0 to 104 in years;

ii.

Alb – a continuous variable with values ranging from 14 to 55;

iii.

Hb – a continuous variable with values ranging from 55 to 185;

iv.

RDW - a continuous variable with values ranging from 19.6 to 47;

v.

ALT01 – a binary variable created from ALT (“0” for ALT = [0,35] and “1” for ALT > 35;

vi.

GGT01 – a binary variable created from GGT (“0” for GGT = [0,85] and “1” for GGT > 85);

vii.

Tbil01 – a binary variable created from Tbil (“0” for Tbil = [0,21] and “1” for Tbil > 21);

ALT, GGT and Tbil were continuous variables dichotomized at biologically meaningful cut
points using the Pocket Guide to Diagnostic Tests (3rd Edition). Dichotomised GGT, though
not statistically significant, has been included in the model due to its clinical significance and
on expert advice.
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Logistic Regression Equation for Complete Cases

The regression coefficients and Odds Ratios are summarised in Table 8.
Table 8 Regression coefficients and the Odds Ratio for Logistic Regression Model
Estimate
(Intercept) -1.8904
Age
-0.0293
ALB
-0.0555
Hb
0.0236
RDW
0.1343
ALT01
0.9187
GGT01
0.2588
Tbil01
-1.0813

Std.
Error
z value Pr(>|z|)
OR
1.4418 -1.311
0.1898
0.0056 -5.186
2E-07 0.9711
0.0187 -2.959
0.0031 0.9460
0.0059
3.981 0.00007 1.0239
0.0603
2.229
0.0258 1.1437
0.2069
4.441 0.000009 2.5060
0.2589
1 0.258907 1.2954
0.309 -3.499 0.000467 0.3392

The general interpretation rule for this model is as follows:
The coefficients of the logistic regression model show the change (increase when
coefficient is positive and decrease when negative) in the logged Odds of positive
HepC for a single unit change in the independent variable, holding all the other
variables in the model fixed.
Thus, the coefficients of this model suggest the following:
i.

The Odds of a positive HepC case decrease by about 3% with each additional year of
age, assuming that all other predictor variables are held constant;

ii.

The Odds of a positive HepC case decrease by about 5% with each unit increase in
ALB, assuming that all other predictor variables are held constant;

iii.

The Odds of a positive HepC case increase by about 2% with each unit increase in Hb,
assuming that all other predictor variables are held constant;

iv.

The Odds of a positive HepC case for the group with ALT>35 are 2.5 times more than
those with lower ALT, assuming that all other predictor variables are held constant;
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v.

The Odds of a positive HepC case for the group with GGT>85 are almost 1.3 times
more than those with lower GGT, assuming that all other predictor variables are held
constant;

vi.

The Odds of a positive HepC case for the group with Tbil>21 are less than half than
those with lower Tbil, assuming that all other predictor variables are held constant.

The model was built on 860 cases divided into a training set (70%, n = 602) and a validation
set (30%, n = 258). Once the regression coefficients were determined using the training set,
the model was then evaluated on the validation set to check its accuracy.
33% of the cases without the condition have been correctly classified as negative and 35% of
the cases with the condition have been classified as positive to Hepatitis C. 13% of the cases
with the condition have been misclassified as not having the condition whereas 19% without
the condition have been misclassified as having the condition.
The area under the ROC curve for the above model on the test (validation) set was 0.7277.
This suggests that the model could explain about 73% of the variation in the data. Forns et al.
(2002) have built a predictive model with an area under the ROC curve of 0.86, hence a better
model. The five scores computed by Borroni et al. (2006) to classify cases reported an area
between 0.76 – 0.94 under the ROC curve. Both these studies (Borroni et al. & Forns et al.)
have used AST (aspartate transaminase) in their models – a variable that has been dropped in
this study due to a very large proportion of missing information (almost 94%).
The full model identified the variables Age, ALT01, Tbil01, GGT01, RDW and MCHC as
significant (p-values of less than 0.03). The model was evaluated on the training set and
reported an area under the ROC curve of 0.71 in comparison to the reduced model‟s 0.72.
That is, using the full model does not account for much more variability than the reduced
model. Hence, the reduced model is adequate.
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Figure 11 ROC Curve for Logistic Regression Model of Complete Cases (n = 258)

4.2.4 Decision Tree Model
A decision tree with „hepcclass‟ as the target variable was grown in Rattle using recursive
partitioning approach on the test data (n = 602) and was evaluated on the validation data (n =
258). The target variable „hepcclass‟ is a binary variable generated by dichotomising „HepC‟
- cases whose
whose

(cases suspected with the condition) were classed as “1” and cases
were classed as “0”.

The tree was grown with a complexity parameter of 0.025 (this value generates a tree of
optimal size, chosen after a grid search). Other parameters used to control the size of the tree
included a minimum split and bucket of 20 and 7 respectively and a maximum depth of 30.
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The rules generated by the tree model are as follows:










Rule 1 [cover=217 (36%) prob=0.74]:
o If (Age<54.5) AND (ALT >=35.5) THEN Class = 1
Rule 2 [cover=36 (6%) prob=0.67]:
o If (Age<54.5) AND (ALT <35.5) AND (RDW>=12.35) AND
(Lymph<2.465) AND (ALB<40.5) THEN Class = 1
Rule 3 [cover=74 (12%) prob=0.65]:
o If (Age<54.5) AND (ALT <35.5) AND (RDW>=12.35) AND
(Lymph>=2.465) THEN Class = 1
Rule 4 [cover=108 (18%) prob=0.38]:
o If (Age<54.5) AND (ALT <35.5) AND (RDW>=12.35) AND
(Lymph<2.465) AND (ALB>=40.5) THEN Class = 0
Rule 5 [cover=146 (24%) prob=0.21]:
o If (Age>54.5) THEN Class = 0
Rule 6 [cover=21 (3%) prob=0.10]:
o If (Age<54.5) AND (ALT <35.5) AND (RDW<12.35) THEN Class = 0

Rule 1 accounted for 217 out of 602 cases (36%) and correctly predicted 73% of the cases as
positive to Hepatitis C. The coverage and accuracy of other rules can be interpreted similarly.
These rules were generated from the decision tree model shown in Figure 12. Class = 1
represents those cases identified as those with the condition (positive Hepatitis C cases) and
Class = 0 represents those without the condition (negative Hepatitis C cases).
The decision tree model correctly classified 35% as true negatives and 33% as true positives.
It misclassified 15% of the cases with the condition as negative and 17% without the
condition as positive to Hepatitis C.
The area under the ROC curve for decision tree model on the test (validation) set was 0.7264.
This suggests that the model can explain about 73% of the variation in the data. The plot is
shown in Figure 13.
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Figure 12 Decision Tree for Complete Cases (n=602)
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Figure 13 ROC Curve of the Decision Tree Model for Complete Cases (n = 258)

4.3

Missing Value Analysis

The missing value analysis performed in PASW18 produced a table (see Table 9) that
displays summary statistics of all the variables and shows the extent of missingness for each
variable sorted from the highest proportion of missing values to the lowest. There is also an
indication of the huge skewness of the dataset with some values for most covariates falling
outside two standard deviations of the mean.
After the administration of data pre-processing and cleansing procedures, 14329 cases were
found eligible for further analysis. The case-wise missing values range from a low of 0% up
to 54% (cases with more than 60% missing values were dropped from the dataset).
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Figure 14 Missing Patterns
Figure 14 displays frequently occurring missing patterns that were evident in the dataset.
Pattern 1 shows around 57% of the cases with all information observed, that is, with no
missing values. 15% of the cases follow pattern 91, around 10% follow pattern 107 and so
forth. Pattern 91 corresponds to missing information on the target variable only, that is, HepC
(see Figure 17). Similarly, pattern 107 corresponds to those cases which have missing
information on Hepc and HBSA only. Further, pattern 78 has missing information on 9
variables (ALB, ALKP, GGT, ALT, TBil, Sodium, K, Crea and Urea). The last column in
Figure 15 (see page 59) corresponds to the binary variable formed by dichotomising HepC,
thus showing the same information as is displayed for HepC. Other patterns of missingness
are displayed in Figure 15.
There is no fixed pattern of missingness; hence the Fully Conditional Specification procedure
(FCS) was utilized to impute the missing values. Each pattern corresponds to a group of
cases with the same pattern of missingness. For instance, pattern 1 (first row from the top)
have no missing values. The last column in the above figure represents hepc_01 which is the
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dichotomised version of the quantitative variable HepC and is the response variable for
subsequent analyses.
Little‟s chi-square test for MCAR suggests that the data are not missing completely at
random.

Thus, the data may be missing at random (MAR) or not missing at random

(NMAR).
Little's MCAR test: Chi-Square = 31393.475, DF = 2600, Sig. =0 .000
The missingness in the dataset used for this study is assumed to be MAR because the cases
with incomplete data differ from cases with complete data, and the probability that an item is
missing is independent of the missing value given all other observed variables. In the context
of the ACT Pathology dataset, the missing values of HepC are more likely due to the fact that
they have recorded extreme values for other variables (say low values for indicator variables
like ALT, GGT, etc.) that may suggest that the patient is almost certainly HCV negative and
there is no need to measure HepC. That is, a patient‟s score on HepC is considered MAR
because his/her missing information on HepC does not depend on his/her blood HepC level,
after controlling for all other variables in this study. The likelihood of missingness is related
to other variables but unrelated to blood HepC level, thus the missing values are MAR. To
assess this further, factors of each variable (missing = 1; observed = 0) was generated and
logistic regression model was built on 14329 cases. The resulting model was weak (with a
coefficient of determination of 24% and an area under ROC curve of 0.51). These results
suggest that missingness is uninformative and MAR assumption is valid.
However, one cannot be certain that the missing data mechanism is really MAR. Schafer and
Graham (2002) state:
"When missingness is beyond the researcher's control, its distribution is unknown and MAR is
only an assumption. In general, there is no way to test whether MAR holds in a data set,
except by obtaining follow-up data from non-respondents or by imposing an unverifiable
model."
Modern missing data analysis procedures assume that the missingness is at least MAR.
Hence, the data analysis procedures listed under Section 2.3 can be applied to the imputed
dataset to obtain valid and unbiased results.
The first variable in this table (HepC) is the response variable and hepc_01 is the
dichotomised version of HepC. As far as the missingess in the dichotomised version of HepC
is concerned, the data was set-up as such that those cases that had HepC missing had missing
information for hepc_01 too; hence the pattern of missingness is same for these two variables.
HepC and hepc_01 represent same measure but one is quantitative and the other is its
categorical equivalent.
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Table 9 Missingness for Each Variable for 14329 Cases
No. of Extremesa

Missing
N

Mean

Std. Deviation

Count

Percent

HepC

10780

1.06763

5.199157

3549

24.8

hepc_01b

10780

3549

24.8

Urea

12025

5.60317

3.662852

2304

Crea

12042

88.01844

54.77707

K

12300

3.99017

Sodium

12353

TBil

Low

High

0

445

16.1

0

332

2287

16

0

206

0.439419

2029

14.2

196

388

139.6552

3.085601

1976

13.8

364

178

12396

14.40287

27.38857

1933

13.5

0

204

ALT

12401

55.93011

182.4628

1928

13.5

0

195

GGT

12409

80.1038

201.9262

1920

13.4

0

348

ALKP

12536

92.07116

68.55029

1793

12.5

0

483

ALB

12646

43.21833

5.602605

1683

11.7

612

50

Bas

14014

0.03912

0.14126

315

2.2

0

18

Eos

14086

0.17324

0.172829

243

1.7

0

507

Plt

14224

264.0034

87.52374

105

0.7

298

414

Neut

14266

5.00443

2.972982

63

0.4

0

416

Lymph

14266

2.0693

2.002963

63

0.4

0

83

Mono

14266

0.57502

0.547069

63

0.4

0

91

WCC

14272

8.02833

7.832065

57

0.4

0

70

RDW

14303

13.7891

1.678402

26

0.2

0

587

MCHC

14304

342.2292

7.304311

25

0.2

455

224

RCC

14306

4.57142

0.620528

23

0.2

517

180

Hct

14306

0.40653

0.051854

23

0.2

585

98

MCV

14313

89.22553

5.949127

16

0.1

372

350

Mch

14313

30.55618

2.264679

16

0.1

423

326

Hb

14317

139.1715

18.2071

12

0.1

555

123

Sex

14320

9

0.1

Age

14329

0

0

80

469

a.
b.

42.69

18.369

Number of cases outside the range (Mean - 2*SD, Mean + 2*SD).
Target Variable
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The unshaded variables have a higher proportion of missingness (more than 11%) compared
to the shaded variables that fall in the bottom half of the table (about 2%). Variable „Age‟ has
no missing information but about 550 values in the extremes. Majority of the variables had a
high number of extreme values. This prompted the use of PMM in favour of linear regression
models to impute missing values

4.4

MI Results

The results of MI on 14329 cases are reported in this section. A collection of multiple line
charts is shown below. These charts show mean and standard deviation of the imputed values
of selected variables at each iteration of FCS imputation procedure for each of the five
imputations were used to study convergence of the multiply imputed data.
All charts below look suitably random, hence no sign of any patterns. This suggests that the
multiply imputed data has converged after 5 imputations.
The convergence chart for HepC shows that the mean and standard deviation are almost
random for the ten iterations, except for the fourth imputation. HepC is the response variable
and it has been included in the imputation model so that its values can be used to determine
whether a subject is HCV positive or negative in the classification analysis. Increasing the
number of imputations and number of iterations did not ease the situation; hence the five
imputations and ten iterations were used to impute the missing values.
The convergence chart for ALT (Figure 16), however, shows that the standard deviations are
intermingled for various imputations and iterations. Hence, convergence is achieved by using
five imputations and ten iterations.
The convergence charts for all other variables also show that there are no fixed patterns in the
mean and standard deviation in the five imputations over ten iterations, hence convergence is
achieved. More representative charts are shown in Figure 17.
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Figure 15 Missing Value Pattern by Variable
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Figure 16 Convergence Chart for HepC & ALT
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Figure 17 Convergence Charts for RDW & Plt
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4.4

Analysis of Imputed Datasets

The imputed data was created in PASW18 under FCS using predictive mean matching for
quantitative variables and logistic regression for categorical variables. Five datasets were
created and each has been analysed to model Hepatitis C.
The imputed dataset included 14,329 cases and 26 variables. However, not all cases were
considered for analysis. There were a very large proportion of HCV negative cases in
comparison to HCV positive cases in each of the imputed datasets. Thus, all HCV positive
cases were selected for analysis together with a random sample (of size equal to that of HCV
positive cases) drawn from all the HCV negative cases making up the dataset for analysis.
The five datasets included all the HCV positive cases and a random selection of equal number
of HCV negative cases (under-sampling of HCV negative cases).

The classes were

established using the following definition:


Cases whose



“0” otherwise (cases suspected without the condition).

(cases suspected with the condition) were classed as “1” ;

This cut off was established with expert advice from clinicians at the Canberra Hospital. The
same cut-off was used for all analysis.
Multiple logistic regression and decision tree models were constructed on variables preselected as relevant using PCA. The “regsubsets” function, available in „leaps‟ library in R,
was used to select the best subset of variables based on BIC for regression analysis. The
resulting model was then built on the best subset to determine the presence and absence of
HCV under the five imputed datasets. The variables that were most commonly identified as
significant under one or more of the five imputed datasets are summarised in Table 10. The
minimum and maximum values shown in Table 10 are consistent throughout the five
imputations.
The following variables were dichotomised to eliminate the problem caused by skewness.
These variables are of clinical importance and the use of original forms of these variables in
the models resulted in very high p-values and a lower area under the ROC curve. Simple
transformations (log, square root, reciprocal) were also considered but did not work well on
these variables. Complex transformations (like Box-Cox power transformations) were not
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considered so that the final model was kept simple-to-interpretation for clinicians. The cut
points were determined using the Pocket Guide to Diagnostic Tests (3rd Edition)).
i.

ALT01 – a binary variable created from ALT (“0” for ALT = [0,35] and “1” for ALT > 35;

ii.

GGT01 – a binary variable created from GGT (“0” for GGT = [0,85] and “1” for GGT > 85);

iii.

Tbil01 – a binary variable created from Tbil (“0” for Tbil = [0,21] and “1” for Tbil > 21).

ALT, GGT and Tbil were continuous variables that were dichotomized at biologically
meaningful cut points for generating logistic regression models. GGT01 and Tbil01, though
not significant under most Logistic Regression Model, have been included in the model due to
their clinical significance and on expert advice.
Table 10 Collection of Variables common in Logistic Regression Models
Variable Imputation 1 Imputation 2 Imputation 3 Imputation 4 Imputation 5
(Imp1)
(Imp2)
(Imp3)
(Imp4)
(Imp5)
Min Max Min Max Min Max Min Max Min Max
Age

0

104

0

104

0

104

0

104

0

104

ALB

9

57

9

57

17

57

17

56

17

56

Crea

20

761

20

761

19

833

13

833

13

833

Hb

43

189

43

189

55

192

55

191

55

191

Lymph

0

157.9

0

157.9

0

157

0

157.9

0

157.9

MCHC

299

381

299

381

292

363

299

381

299

381

MCV

56

121

56

121

58

132

59

117

59

117

RCC

1.22

6.19

1.22

6.19

1.74

6.51

1.75

6.79

1.75

6.79

RDW

10.7

32.4

10.7

32.4

10.7

32.4

10.8

32.4

10.8

32.4

Sodium

120

157

120

157

114

150

116

154

116

154

Urea

0.49

74.6

0.49

74.6

0.8

75.4

0.8

75.4

0.8

75.4

Table 11 shows the mean and standard deviation of each variable in the original (available
cases) and in various imputed datasets. The means and standard deviations are consistent
across the imputed datasets. Variable „Age‟ did not report any missing values, hence the
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mean and standard deviation are the same across all the datasets. Variables like ALB, Urea,
Sodium, K, Hb, RCC, MCV, Hct, RDW, Mch, MCHC and WCC show very little variation,
almost negligible. The mean and standard deviations of the last two variables, namely Neut
and Eos, are solidly consistent across all the imputed datasets.
Table 11 Mean and Standard Deviations of Variables after MI
Descriptive Statistics
Imputation
Original

Imp1

Imp2

Imp3

Imp4

Imp5

Mean

Std.
Dev.

Mean

Std.
Dev.

Mean

Std.
Dev.

Mean

Std.
Dev.

Mean

Std.
Dev.

Mean

Std.
Dev.

Age

42.69

18.37

42.69

18.37

42.69

18.37

42.69

18.37

42.69

18.37

42.69

18.37

HepC

1.07

5.20

1.23

5.51

1.25

5.66

1.17

5.33

0.99

4.92

1.19

5.35

ALT

55.93

182.46

57.11

191.45

55.00

175.21

55.76

179.27

55.68

178.98

56.97

192.14

ALB

43.22

5.60

43.13

5.63

43.11

5.63

43.12

5.63

43.13

5.60

43.13

5.61

ALKP

92.07

68.55

92.36

69.06

92.30

68.20

92.49

68.73

92.04

68.36

92.24

68.21

Crea

88.02

54.78

86.60

51.52

86.67

51.87

86.54

51.07

86.77

51.05

86.73

51.45

TBil

14.40

27.39

14.48

28.17

14.46

27.94

14.28

26.64

14.15

25.97

14.24

26.27

GGT

80.10

201.93

79.37

199.32

78.58

194.76

79.81

201.24

77.95

196.08

79.54

198.79

Urea

5.60

3.66

5.47

3.47

5.48

3.50

5.47

3.47

5.48

3.53

5.47

3.46

139.66

3.09

139.60

3.09

139.60

3.09

139.61

3.09

139.61

3.09

139.59

3.08

K

3.99

0.44

3.98

0.44

3.98

0.44

3.98

0.44

3.98

0.44

3.98

0.44

Hb

139.17

18.21

139.17

18.22

139.18

18.24

139.16

18.23

139.17

18.22

139.17

18.23

RCC

4.57

0.62

4.57

0.62

4.57

0.62

4.57

0.62

4.57

0.62

4.57

0.62

MCV

89.23

5.95

89.22

5.95

89.22

5.95

89.22

5.95

89.23

5.95

89.22

5.95

Hct

0.41

0.05

0.41

0.05

0.41

0.05

0.41

0.05

0.41

0.05

0.41

0.05

RDW

13.79

1.68

13.79

1.68

13.79

1.68

13.79

1.68

13.79

1.68

13.79

1.68

Mch

30.56

2.26

30.56

2.26

30.56

2.27

30.56

2.26

30.56

2.26

30.56

2.26

MCHC

342.23

7.30

342.23

7.30

342.23

7.31

342.23

7.30

342.23

7.30

342.23

7.31

Plt

264.00

87.52

264.11

87.81

264.11

87.67

264.18

87.82

264.13

87.74

264.13

87.61

WCC

8.03

7.83

8.03

7.87

8.03

7.82

8.03

7.82

8.03

7.82

8.03

7.83

Neut

5.00

2.97

5.01

2.97

5.01

2.97

5.01

2.97

5.00

2.97

5.01

2.98

Lymph

2.07

2.00

2.07

2.00

2.07

2.00

2.07

2.00

2.07

2.00

2.07

2.00

Mono

0.58

0.55

0.58

0.55

0.57

0.55

0.57

0.55

0.57

0.55

0.58

0.55

Eos

0.17

0.17

0.17

0.17

0.17

0.17

0.17

0.17

0.17

0.17

0.17

0.17

Bas

0.04

0.14

0.04

0.14

0.04

0.14

0.04

0.14

0.04

0.14

0.04

0.14

Sodium
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4.4.1 First Imputed Dataset
4.4.1.1

Logistic Regression Model

From the first imputed dataset, 1916 cases (958 of each class) were selected for analysis and
models were built using Logistic Regression and decision tree. There were altogether 958
positive HCV cases, so 958 negative HCV cases were randomly selected to make up the
dataset for analysis.
The equation for the multiple logistic regression model is as follows:

Table 12 Coefficients and Odds Ratios - Logistic Regression Model for the first Imputed
Dataset
Std.
Odds
Estimate Error
z value Pr(>|z|) Ratio
(Intercept)
-4.040
1.386 -2.914
0.004
Age
-0.023
0.004 -5.493
0.000
0.98
Sex
0.368
0.139
2.644
0.008
1.44
ALB
-0.042
0.013 -3.311
0.001
0.96
Urea
-0.038
0.023 -1.617
0.106
0.96
Hb
0.012
0.005
2.555
0.011
1.01
MCV
0.017
0.011
1.526
0.127
1.02
RDW
0.192
0.042
4.550
0.000
1.21
Lymph
0.306
0.073
4.172
0.000
1.36
alt01
0.581
0.134
4.348
0.000
1.79
ggt01
0.217
0.174
1.247
0.212
1.24
tbil01
-0.261
0.214 -1.217
0.224
0.77
The coefficients of this model suggest the following:
i.

The Odds of a positive HepC case decrease by about 20% with each 10 year increase
in age, assuming that all other predictor variables are held constant;

ii.

The Odds of positive HepC case in males are about 1.4 times more than in females,
assuming that all other predictor variables are held constant;

69

iii.

The Odds of a positive HepC case decrease by about 4% with each unit increase in
ALB, assuming that all other predictor variables are held constant;

iv.

The Odds of a positive HepC case decrease by about 4% with each unit increase in
Urea, assuming that all other predictor variables are held constant;

v.

The Odds of a positive HepC case increase by about 10% with every 10 unit increase
in Hb, assuming that all other predictor variables are held constant;

vi.

The Odds of a positive HepC case increase by about 20% with every 10 unit increase
in MCV, assuming that all other predictor variables are held constant;

vii.

The Odds of a positive HepC case increase by about 21% with each unit increase in
RDW, assuming that all other predictor variables are held constant;

viii.

The Odds of a positive HepC case increase by about 36% with each unit increase in
Lymph, assuming that all other predictor variables are held constant;

ix.

The Odds of a positive HepC case for the group with ALT>35 are 1.8 times more than
those with lower ALT, assuming that all other predictor variables are held constant;

x.

The Odds of a positive HepC case for the group with GGT>85 are almost 1.2 times
more than those with lower GGT, assuming that all other predictor variables are held
constant;

xi.

The Odds of a positive HepC case for the group with Tbil>21 are 23% lower than
those with Tbil<=21, assuming that all other predictor variables are held constant.

The model was built on 1916 cases divided into a training set (n = 1341, 70%) and a
validation set (n = 575, 30%). Once the regression coefficients were determined using the
training set, the model was then evaluated on the validation set to check its accuracy.
33% of the cases without the condition have been correctly classified as negative and 34% of
the cases with the condition have been classified as positive to Hepatitis C. 16% of the cases
with the condition have been misclassified as not having the condition whereas 17% without
the condition have been misclassified as having the condition. Misclassification rates of this
magnitude are considered to be high.
The area under the ROC curve for the above model on the test (validation) set was 0.7282.
This suggests that the model can explain about 73% of the variation in the data. About onethird of the variation remains unexplained.
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Figure 18 ROC Curve - Logistic Regression Model of the first Imputed Dataset (n = 575)

4.4.1.2

Decision Tree Model

The decision tree with „hepc_01‟ as the target variable was grown in Rattle using recursive
partitioning approach on the test data (n = 1341) and was evaluated on the validation data (n =
575).
The rules were generated by the tree grown with a complexity parameter of 0.025 (this value
generates a tree of optimal size, chosen after multiple trials). Other parameters used to control
the size of the tree included a minimum split and bucket of 20 and 7 respectively and a
maximum depth of 30. The rules generated by the tree model are as follows:


Rule 1 [cover=45 (3%) prob=0.73]:
o If (Age<57.5) AND (ALT <30.5) AND (RDW<14.15) AND (Sex>=0.5)
AND (Urea<4.05) THEN Class = 1
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Rule 2 [cover=124 (9%) prob=0.65]:
o If (Age<57.5) AND (ALT <30.5) AND (RDW>=14.15) THEN Class = 1
Rule 3 [cover=530 (40%) prob=0.65]:
o If (Age<57.5) AND (ALT >=30.5) THEN Class = 1
Rule 4 [cover=162 (12%) prob=0.45]:
o If (Age<57.5) AND (ALT <30.5) AND (RDW<14.15) AND (Sex>=0.5)
AND (Urea>=4.05) THEN Class = 0
Rule 5 [cover=246 (18%) prob=0.33]:
o If (Age<57.5) AND (ALT <30.5) AND (RDW<14.15) AND (Sex<0.5)
THEN Class = 0
Rule 6 [cover=234 (17%) prob=0.25]:
o If (Age>=57.5) THEN Class = 0

Rule 3 accounted for 40% of the cases and correctly predicted 65% of the cases as positive to
Hepatitis C. The coverage and accuracy of other rules can be interpreted similarly.
These rules were generated from the decision model shown in Figure 19. Class = 1 represents
those cases identified as those with the condition (positive Hepatitis C cases) and Class = 0
represents those without the condition (negative Hepatitis C cases).

Figure 19 Decision Tree Model of the first Imputed Dataset (n = 1341)
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The decision tree model correctly classified 30% as true negatives and 34% as true positives.
It misclassified 16% of the cases with the condition as negative and 20% without the
condition as positive to Hepatitis C. The false positive rate of the tree model is higher than
the regression model but both models report the same sensitivity rates (that is, true positive
rates).
The area under the ROC curve for DT model on the test (validation) set was 0.6594. This
suggests that the model can explain about 66% of the variation in the data. This leaves 34%
of the variation in the data unexplained. In comparison to the regression model, the tree
model has a higher proportion of unexplained variation in the dataset. One of the differences
in the two models is that the tree model used the original form of ALT (quantitative) whereas
the regression model used the dichotomised version of ALT.

Figure 20 ROC Curve - Decision Tree Model of first Imputed Dataset (n = 575)
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4.4.2 Second Imputed Dataset
4.4.2.1

Logistic Regression Model

The second of the imputed datasets consisted of 1974 cases (all 987 positive cases and a
random sample of 987 cases from all the negative cases).
Multiple logistic regression analysis was carried out on variables pre-selected as relevant
using PCA. The regression coefficients are summarised in Table 13. Age, ALB, Hb, MCV,
RDW, ALT01 and Tbil01 were found to be highly significant. GGT01 has been retained due
to its clinical significance. Lymph has also been retained because it has been considered
significant in other models and to easily obtain pooled estimates on the imputed dataset.
Table 13 Coefficients and Odds Ratios - Logistic Regression Model of the Second
Imputed Dataset
Std.
Odds
Estimate Error
z value Pr(>|z|) Ratios
(Intercept)
-6.092
1.403 -4.343
0.000
Age
-0.021
0.004 -4.960
0.000
0.98
Sex
0.295
0.136
2.178
0.029
1.34
ALB
-0.063
0.013 -4.825
0.000
0.94
Urea
-0.062
0.026 -2.355
0.019
0.94
Hb
0.026
0.005
5.725
0.000
1.03
MCV
0.029
0.011
2.725
0.006
1.03
RDW
0.229
0.045
5.106
0.000
1.26
Lymph
0.037
0.044
0.850
0.395
1.04
alt01
0.628
0.133
4.708
0.000
1.87
ggt01
-0.111
0.172 -0.644
0.519
0.89
tbil01
-0.713
0.214 -3.325
0.001
0.49
The error matrix shows the proportion of true outcomes against the proportion of the
predicted outcomes.
17% of the cases with the condition have been misclassified as false negatives (i.e. classified
cases without the condition). The sensitivity (61%) rate reported here is lower than in the
models produced using complete cases and first imputed dataset.
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The area under the ROC curve for the above model on Imp2 [test] is 0.6909. That is, the
model could explain about 69% of the variation in the dataset. This tree model is weaker than
the tree models generated earlier using complete cases and the first imputed dataset.

Figure 21 ROC Curve - Logistic Regression Model of the Second Imputed Dataset (n =
592)

4.4.2.2

Decision Tree Model

The decision tree with „hepcclass‟ as the target variable was grown in Rattle using recursive
partitioning approach on the test data (n = 1382) and was evaluated on the validation data (n =
592).
The rules were generated by the tree grown with a complexity parameter of 0.025 (this value
generates a tree of optimal size, chosen after multiple trials). Other parameters used to control
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the size of the tree included a minimum split and bucket of 20 and 7 respectively and a
maximum depth of 30. The rules generated by the tree model are as follows:








Rule 1 [cover=260 (19%) prob=0.73]:
o If (Age<56.5) AND (ALT >=64) THEN Class = 1
Rule 2 [cover=271 (20%) prob=0.60]:
o If (Age<56.5) AND (ALT <64) AND (RDW>=13.85) THEN Class = 1
Rule 3 [cover=242 (18%) prob=0.54]:
o If (Age<56.5) AND (ALT<64) AND (DRW<13.85) AND (Hb>=149.5)
THEN Class = 1
Rule 4 [cover=384 (28%) prob=0.38]:
o If (Age<56.5) AND (ALT <64) AND (RDW<113.85) AND (Hb<149.5)
THEN Class = 0
Rule 5 [cover=225 (16%) prob=0.25]:
o If (Age>=56.5) THEN Class = 0

28% of the cases have been classified as true negatives while 36% have been classified as true
positives. 21% of the cases in the test data have been misclassified as false negatives and
15% as false positives.

Figure 22 Decision Tree Model of the Second Imputed Dataset (n = 1382)
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The area under the ROC curve for the RPART model on Imp2 [test] is 0.6733. Only 67% of
the variation could be explained by this model while 33% remained unexplained and therefore
is weaker than all the previous models constructed so far.

Figure 23 ROC Curve - Decision Tree Model of the Second Imputed Dataset (n = 592)
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4.4.3 Third Imputed Dataset
4.4.3.1

Logistic Regression Model

The third imputed dataset consisting of 1864 cases (all of 932 positive cases together with a
random sample of 932 negative cases) was selected for analysis. The regression coefficients
are summarised in Table 16. Unlike in the previous models, this model found GGT01 to be
significant. All the other variables in this model are highly significant but Hb and MCV have
reported an almost parity in the Odds Ratio.
Table 14 Coefficients and Odds Ratios of Logistic Regression Model for the Third
Imputed Dataset
Std.
Estimate Error
z value Pr(>|z|)
(Intercept)
-5.936
1.429 -4.155
0.000
Age
-0.027
0.004 -6.442
0.000
Sex
0.310
0.141
2.197
0.028
ALB
-0.054
0.013 -4.268
0.000
Urea
-0.065
0.022 -2.886
0.004
Hb
0.014
0.005
3.025
0.002
MCV
0.036
0.011
3.320
0.001
RDW
0.269
0.046
5.893
0.000
Lymph
0.181
0.067
2.705
0.007
alt01
0.617
0.134
4.607
0.000
ggt01
0.350
0.176
1.987
0.047
tbil01
-0.744
0.225 -3.299
0.001

Odds
Ratios
0.97
1.36
0.95
0.94
1.01
1.04
1.31
1.20
1.85
1.42
0.48

Under this model, 19% of the cases have been misclassified as false negatives. 64% of the
cases have been correctly classified as true positive or true negative and 18% have been
misclassified as false positives.
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Figure 24 ROC Curve - Logistic Regression Model for the third Imputed Dataset (n =
559)
Area under the ROC curve for the generalised linear model on Imp3 [test] is 0.6807. The
logistic regression model can account for 68% of the variation in the dataset, while 32% of
the variation remains unexplained. This model is weaker than the other models constructed
so far.

4.4.3.2

Decision Tree Model

A decision tree with „hepcclass‟ as the target variable was grown in Rattle using recursive
partitioning approach on the test data (n = 1305) and was evaluated on the validation data (n =
559).
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Figure 25 Decision Tree - for the Third Imputed Dataset (n = 1305)
The rules were generated by the tree grown with a complexity parameter of 0.015 (this value
generates a tree of optimal size, chosen after multiple trials). Other parameters used to control
the size of the tree included a minimum split and bucket of 20 and 7 respectively and a
maximum depth of 30. The rules generated by the tree model are as follows:










Rule 1 [cover=289 (22%) prob=0.77]:
o If (Age<56.5) AND (ALT >=40.5) AND (Crea<88.5) THEN Class = 1
Rule 2 [cover=27 (2%) prob=0.74]:
o If (Age<56.5) AND (ALT <40.5) AND (RDW<13.85) AND
(ALB<36.5)THEN Class = 1
Rule 3 [cover=199 (15%) prob=0.69]:
o If (Age<56.5) AND (ALT<40.5) AND (RDW>=13.85) THEN Class = 1
Rule 4 [cover=58 (4%) prob=0.67]:
o If (Age<56.5) AND (ALT >=40.5) AND (Crea>=88.5) AND (MCV>=88.5)
THEN Class = 1
Rule 5 [cover=467 (36%) prob=0.38]:
o If (Age<56.5) AND (ALT <40.5) AND (RDW<13.85) AND (ALB>=36.5)
THEN Class = 0
Rule 6 [cover=40 (3%) prob=0.25]:
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o If (Age<56.5) AND (ALT >=40.5) AND (Crea<88.5) AND (MCV<88.5)
THEN Class = 0
Rule 7 [cover=225 (17%) prob=0.24]:
o If (Age>=56.5) THEN Class = 0

Comparison of proportions of true outcomes against the predicted outcomes confirmed that
35% have been correctly classified as HCV negative while 28% have been correctly classified
as HCV positive. 16% of the cases have been misclassified as false negatives and 20%
misclassified as false positives.

Figure 26 ROC Curve - Decision Tree Model for the Third Imputed Dataset (n = 559)
The area under the ROC curve for the RPART model on Imp [test] is 0.6706. This leaves
about 33% of the variation in the dataset unexplained.
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4.4.4 Fourth Imputed Dataset
4.4.4.1

Logistic Regression Model

The fourth imputed dataset consisting of 1588 cases (all of 794 positive cases and a random
sample of 794 negative cases) was selected for analysis. The regression coefficients are
summarised in Table 15. Almost all the variables (except GGT01 and Lymph) have been
found significant. The Odds ratios of Hb and MCV are very close to 1.00.
Table 15 Coefficients and Odds Ratios - Logistic Regression Model for the Fourth
Imputed Dataset
Std.
Estimate Error
z value Pr(>|z|)
(Intercept)
-6.861
1.399 -4.904
0.000
Age
-0.023
0.004 -5.482
0.000
Sex
0.429
0.138
3.108
0.002
ALB
-0.030
0.013 -2.349
0.019
Urea
-0.040
0.018 -2.183
0.029
Hb
0.014
0.005
3.105
0.002
MCV
0.033
0.011
2.957
0.003
RDW
0.259
0.044
5.917
0.000
Lymph
0.047
0.049
0.963
0.336
alt01
1.027
0.135
7.630
0.000
ggt01
0.219
0.174
1.258
0.208
tbil01
-0.601
0.219 -2.745
0.006

Odds
Ratios
0.98
1.54
0.97
0.96
1.01
1.03
1.30
1.05
2.79
1.25
0.55

Comparison of proportions of true outcomes against the predicted outcomes confirmed that
33% of the cases have been classified as true negatives while 31% have been classified as true
positives. 17% have been misclassified as false negatives and 19% as false positives.
Figure 27 shows the true positive rate against the false positive rate. The area under the ROC
curve for the generalised linear model on Imp4 [test] is 0.7283. However, one-third of the
variation still remains unexplained.
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Figure 27 ROC Curve - Logistic Regression Model for the Fourth Imputed Dataset (n =
476)

4.4.4.2

Decision Tree Model

A decision tree with „hepcclass‟ as the target variable was grown in Rattle using recursive
partitioning approach on the test data (n = 1112) and was evaluated on the validation data (n =
476).
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Figure 28 Decision Tree Model for the Fourth Imputed Dataset (n = 1112)
The rules were generated by the tree grown with a complexity parameter of 0.015 (this value
generates a tree of optimal size, chosen after multiple trials). Other parameters used to control
the size of the tree included a minimum split and bucket of 20 and 7 respectively and a
maximum depth of 30. The rules generated by the tree model are as follows:









Rule 1 [cover=409 (37%) prob=0.72]:
o If (ALT >=33.5) AND (Age<55.5) THEN Class = 1
Rule 2 [cover=109 (10%) prob=0.66]:
o If (ALT <33.5) AND (Age<59.5) AND (RDW>=14.25)THEN Class = 1
Rule 3 [cover=79 (7%) prob=0.63]:
o If (ALT<33.5) AND (Age<59.5) AND (RDW<14.25) AND (Sex>=0.5)
AND (TBil<9.5) THEN Class = 1
Rule 4 [cover=70 (6%) prob=0.40]:
o If (ALT >=33.5) AND (Age>=55.5) THEN Class = 0
Rule 5 [cover=96 (9%) prob=0.39]:
o If (ALT <33.5) AND (Age<59.5) AND (RDW<14.25) AND (Sex>=0.5)AND
(TBil>=9.5) THEN Class = 0
Rule 6 [cover=227 (20%) prob=0.26]:
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o If (ALT <33.5) AND (Age<59.5) AND (RDW<14.25) AND (Sex<0.5)
THEN Class = 0
Rule 7 [cover=122 (11%) prob=0.14]:
o If (ALT<33.5) AND (Age>=59.5) THEN Class = 0

32% have been correctly classified as true negatives and 37% as true positive. 19% of the
cases have been misclassified as false negatives while 13% have been misclassified as false
positives.
The plot below shows the true positive rate against the false positive rate. The area under the
ROC curve for the RPART model on Imp4 [test] is 0.7027, leaving a third of the variation
unexplained.

Figure 29 ROC Curve - Decision Tree Model for the Fourth Imputed Dataset (n = 476)
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4.4.5 Fifth Imputed Dataset
4.4.5.1

Logistic Regression Model

Due to the huge imbalance of HepC positive and negative cases, 1920 cases (all of 960
positive cases and a random sample of 960 negative cases) were selected for analysis. The
regression coefficients are summarised in Table 16. GGT01 and Tbil01 have been retained in
the model due to their clinical significance.
Table 16 Coefficients and Odds Ratios - Logistic Regression Model for the Fifth
Imputed Dataset
Std.
Estimate Error
z value Pr(>|z|)
(Intercept)
-5.211
1.337 -3.896
0.000
Age
-0.014
0.004 -3.302
0.001
Sex
0.252
0.139
1.819
0.069
ALB
-0.042
0.013 -3.191
0.001
Urea
-0.129
0.029 -4.527
0.000
Hb
0.015
0.005
3.300
0.001
MCV
0.031
0.010
2.960
0.003
RDW
0.183
0.041
4.483
0.000
Lymph
0.168
0.064
2.607
0.009
alt01
0.763
0.135
5.642
0.000
ggt01
-0.059
0.177 -0.334
0.739
tbil01
-0.112
0.215 -0.523
0.601

Odds
Ratios
0.99
1.29
0.96
0.88
1.02
1.03
1.20
1.18
2.15
0.94
0.89

Comparison of proportions of true outcomes against the predicted outcomes confirmed that
32% of the cases have been correctly classified as true negatives while 27% have been
classified as true positives. 20% have been misclassified as false negatives and 22% as false
positives.
Figure 30 shows the true positive rate against the false positive rate. The area under the ROC
curve for the generalised linear model on Imp5 [test] is 0.6262. About 38% of the variation
remains unexplained by this model.
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Figure 30 ROC Curve - Logistic Regression Model for the Fifth Imputed Dataset (n =
576)

4.4.5.2

Decision Tree Model

A decision tree with „hepcclass‟ as the target variable was grown in Rattle using recursive
partitioning approach on the test data (n = 1344) and was evaluated on the validation data (n =
576).
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Figure 31 Decision Tree for the Fifth Imputed Dataset (n = 1344)
The rules were generated by the tree grown with a complexity parameter of 0.015 (this value
generates a tree of optimal size, chosen after multiple trials). Other parameters used to control
the size of the tree included a minimum split and bucket of 20 and 7 respectively and a
maximum depth of 30. The rules generated by the tree model are as follows:








Rule 1 [cover=14 (1%) prob=0.93]:
o If (ALT <40.5) AND (Age<56.5) AND (ALKP<89.5) AND (Hb<100.5)
THEN Class = 1
Rule 2 [cover=472 (35%) prob=0.67]:
o If (ALT >=40.5) THEN Class = 1
Rule 3 [cover=154 (11%) prob=0.62]:
o If (ALT<40.5) AND (Age<56.5) AND (ALKP>=89.5) THEN Class = 1
Rule 4 [cover=78 (6%) prob=0.59]:
o If (ALT <40.5) AND (Age<56.5) AND (ALKP<89.5) AND (Hb>=100.5)
AND (Lymph>=2.87) THEN Class = 1
Rule 5 [cover=475 (35%) prob=0.39]:
o If (ALT <40.5) AND (Age<56.5) AND (ALKP<89.5) AND
(Hb>=100.5)AND (Lymph<2.87) THEN Class = 0
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Rule 6 [cover=151 (11%) prob=0.18]:
o If (ALT <40.5) AND (Age>=56.5) THEN Class = 0

The model has a high misclassification error rate. 25% of the cases with the condition have
been classified as not having the condition. 27% have been correctly classified as HCV
negative while 30% have been correctly classified as HCV positive.
The plot below shows the true positive rate against the false positive rate. The area under the
ROC curve for the RPART model on Imp5 [test] is 0.5888 – lowest in comparison to all other
models.

Figure 32 ROC Curve - Decision Tree Model for the Fifth Imputed Dataset (n = 576)
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Chapter 5

Discussion

In this chapter, the results from the previous chapter are compared and discussed. The models
developed during the analysis are discussed in terms of statistical and clinical significance.
The Logistic Regression Models and Decision Tree Models for the complete dataset and the
imputed datasets are compared. The various imputed datasets consist of all the HCV positive
cases and an equal number of randomly selected (without replacement) HCV negative cases
to obtain a balanced imputed dataset for various imputations. Logistic Regression, Decision
Tree and Random Forest (RF) using rpart package in Rattle in R were generated and the areas
under the ROC curve was compared. The results showed the RF was the weakest of all the
models, hence only other two models were considered for subsequent analysis and the results
are discussed here.
Table 17 lists the variables kept in each model and also looks at the efficiency via AUC and
sensitivity analysis of the validation dataset. Table 18 summarises the results of the decision
tree models constructed using various datasets.
Model 1 was built on complete cases (860 cases): the data was split into training set and
validation set. The model was built using the training set and tested on the validation set.
The logistic regression model could correctly classify 73% of the positive cases but 27% of
the positive cases were misclassified as HCV negative. 27% is a huge proportion; hence the
model is not very reliable. In comparison to other logistic regression models built on various
imputed datasets, Model 1 has a higher coverage under the ROC curve (area under the curve
of 73%). The model can explain 73% of the variation in the dataset and hence can be
regarded as good but not excellent. Model 1 identified ALT01 (p = 0.000009), Tbil01 (p =
0.0005) and ALB (p = 0.0031) as significant. The Odds of HCV infection are 2.5 times
higher in cases whose ALT (Alanine transaminase) level is above 35 U/L compared to the
cases whose ALT level is below 35 U/L. Similarly, cases whose GGT level is above 85 U/L
are about 1.3 times more likely to be HCV infected. Higher levels of Hb and RDW in the
blood can also cause an increase in the Odds of HCV infection. A unit increase in blood ALB
(Albumin) level reduces the Odds of HCV infection by about 5%. Cases whose Tbil (Total
bilirubin) level is above 21

are 66% less likely to be HCV positive.
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Table 17 Summary of the Models
Logistic Regression Models
MODEL 1

MODEL
2

Imputed Dataset
MODEL MODEL MODEL
3
4
5

MODEL
6

m=1

m=2

m=3

m=4

m=5

Sample Size

860

1916

1974

1864

1588

1920

Test/Validation Dataset

258

575

592

559

476

576

Clinically and Statistically Significant
Variables

Complete Cases

Age

Age

Age

Age

Age

Age

ALT01

ALT01

ALT01

ALT01

ALT01

ALT01

ALB

ALB

ALB

ALB

ALB

ALB

Tbil01

Tbil01

Tbil01

Tbil01

Tbil01

Tbil01*

RDW

RDW

RDW

RDW

RDW

RDW

GGT01*

GGT01*

GGT01*

GGT01*

GGT01*

GGT01*

MCV*

MCV

MCV

MCV

MCV

Lymph

Lymph*

Lymph

Lymph*

Lymph

Urea*

Urea

Urea

Urea

Urea

Hb

Hb

Hb

Hb

Hb

Sex

Sex

Sex

Sex

Sex

Area under ROC Curve

73%

72%

69%

68%

73%

62%

Sensitivity (True Positive)

73%

68%

61%

63%

62%

55%

1-Sensitivity (False Negative)

27%

32%

39%

37%

38%

45%

Specificity (True Negative)

67%

66%

65%

63%

66%

62%

1-Specificty (False Positive)

37%

34%

35%

37%

34%

38%

*Statistically insignificant, included on clinical grounds.

Table 18: Summary of Decision Tree Models
Decision Tree Models

Complete
Cases

Imputed Dataset
m=1

m=2

m=3

m=4

m=5

Area under ROC Curve

73%

66%

67%

67%

70%

59%

Sensitivity (True Positive)
1-Sensitivity (False Negative)
Specificity (True Negative)
1-Specificty (False Positive)

69%
31%
67%
23%

68%
32%
60%
40%

71%
29%
57%
43%

58%
42%
69%
31%

74%
26%
63%
37%

63%
37%
52%
48%

Models 2 – 6, built on various imputed datasets, have all identified that ALT, ALB, Tbil,
RDW and Age play an important role in the Logistic Regression Models. Lymphocytes
(Lymph), Haemoglobin (Hb), Sex, Urea, RDW (Red-Blood-Cell Distribution Width) and
Mean Corpuscular Haemoglobin Concentration (MCHC) are the other variables that have
been identified as significant in the models built on imputed datasets. These variables did not
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come into the picture in the model built on the complete case dataset. Therefore, filling in the
missing values has restored some valuable information about the cases which can be utilized
for HCV prediction. The variables selected in the imputed dataset models are consistent
across all five datasets; hence upward bias is not likely and is unlikely to be due to chance
alone. The Odds Ratios of the variables for various models on the imputed datasets are
summarised in Table 19.
Table 19 Summary of Odds Ratios

Variables
Age
ALT01
ALB
Tbil01
RDW
GGT01
MCV
Lymph
Urea
Hb
Sex

Model
2
0.98
1.79
0.96
0.77
1.21
1.24
1.02
1.36
0.96
1.01
1.44

Odds Ratios
Model Model Model
3
4
5
0.98
0.97
0.98
1.87
1.85
2.79
0.94
0.95
0.97
0.49
0.48
0.55
1.26
1.31
1.3
0.89
1.42
1.25
1.03
1.04
1.03
1.04
1.2
1.05
0.94
0.94
0.96
1.03
1.01
1.01
1.34
1.36
1.54

Model
6
0.99
2.15
0.96
0.89
1.2
0.94
1.03
1.18
0.88
1.02
1.29

Blood ALT, Tbil, RDW, GGT levels and gender are notable as far as the Odds Ratios are
concerned. The Odds Ratios are sufficiently higher than 1.00 so it can be concluded that these
variables are significant in determining the risk of HCV infection in patients.
The results of the logistic regression models on the five imputed datasets have been „pooled‟
using PASW 18 and regression coefficients are summarised in Table 20. Pooled estimates
were obtained by forcing all the variables kept in the individual models formed on the various
imputed dataset into the pooled regression model. The coefficient estimates of the pooled
regression model are the average of the coefficients for each variable in the individual models.
The last column of Table 21 shows the relative efficiency of the pooled estimates and all the
values are closer to „1‟, which suggests that the pooled estimates are closer to the population
values and that the number of imputations conducted to obtain the pooled estimates is
appropriate.
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Table 20 Pooled Regression Coefficients of Imputed Data
Variables in the
Pooled Model

Age
Sex
ALB
Urea
Hb
MCV
RDW
alt01
ggt01
tbil01
Lymph
Constant

B

S.E.

Sig.
(pvalues)

Odds
Ratios

Fraction
Missing
Info.

Relative
Increase
Variance

Relative
Efficiency

-0.023
0.313
-0.045
-0.04
0.016
0.03
0.226
0.717
0.067
-0.489
0.162
-5.853

0.005
0.139
0.014
0.024
0.005
0.011
0.058
0.19
0.21
0.251
0.11
1.72

0
0.029
0.003
0.116
0.005
0.009
0.002
0.004
0.756
0.067
0.184
0.004

0.978
1.367
0.956
0.961
1.016
1.031
1.254
2.048
1.069
0.613
1.176
0.003

0.561
0.312
0.412
0.528
0.483
0.313
0.652
0.697
0.562
0.522
0.81
0.573

1.033
0.397
0.594
0.914
0.774
0.4
1.469
1.781
1.036
0.892
3.19
1.077

0.899
0.941
0.924
0.904
0.912
0.941
0.885
0.878
0.899
0.905
0.861
0.897

Based on the pooled estimates, males are about 1.4 times more likely to be HCV infected than
females. Increased RDW in the blood elevates the Odds of HCV infection by about 26% and
cases with ALT greater than 35 U/L are two times more likely to be HCV infected than cases
whose ALT levels are below 35 U/L. Higher values of Hb and MCV increase the Odds of
HCV infection, but a by very small proportion (2% and 3% respectively). Since the Odds
Ratios of Age, Hb, MCV, Urea and ALB are very close to 1.00, this indicates no association
between these factors and disease status. A higher level of GGT in the blood also increases
the Odds of HCV infection by about 6%. The effect of GGT on disease status could have been
higher – the model on the second imputed dataset reported a reduced risk for GGT (OR=0.89)
and thus has affected the overall risk. An increased level of Lymph raises the Odds of HCV
infection by about 18%. Increases in Age, ALB and Urea reduce the Odds of HCV infection
by small proportions. Cases whose Tbil in the blood is greater than 21

have reduced

Odds of HCV infection: higher Tbil in blood reduces the Odds of HCV infection by almost
40%.
We now discuss the results of the decision tree models on the imputed datasets. The decision
tree model on complete cases reported a lower False Positive rate of 23%, and a reasonable
area under the ROC curve of 73%. The decision tree model on the complete cases, in
comparison to the entire decision tree models (and logistic regression models) built on various
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imputed datasets, had better outcomes and the rules generated cover ALT and ALB (two of
the clinically important variables).
One of the rules generated by the decision tree model of the complete cases is as follows:
Complete Cases:
If (Age<54.5) AND (ALT>=35.5) THEN Class = 1.
This rule correctly classified HCV positive cases with an accuracy of 74%. This is one of the
most popular rules (with small variations in cut-off values) that were identified by all other
decision tree models as well.
Complete Cases:
If (Age<54.5) AND (ALT<35.5) AND (RDW≥12.35) AND (Lymph<2.465) AND
(ALB<40.5) THEN Class=1
Given that a patient is under 54.5 years old, has a lower ALT< Lymph and ALB in the blood
but has an elevated RDW then this rule suggests that the patient is likely to be HCV positive
(coverage of 6% and accuracy of 67%). However, this rule has a very low coverage so it
cannot be used as a strong generalisation.
Another rule obtained from the decision tree model built on the first imputed dataset (Imp1)
with similar accuracy (73%) is:
Imp1:
If (Age<57.5) AND (ALT >=30.5) THEN Class = 1.
The rule generated on the complete cases had coverage of 36% and an accuracy of 74%
whereas the rule generated using the Imp1 dataset had a slightly higher coverage (40%) and a
slightly lower accuracy (65%).
The decision tree model using Imp2 (second imputed dataset) also had a similar rule but with
different cut-off values for ALT. The rule, stated below, had coverage of 19% with an
accuracy of 73%.
Imp2:
If (Age<56.5) AND (ALT >=64) THEN Class = 1
The cut-off value for ALT is much higher under this model compared to all other models, but
has a similar cut-off for age as in other models.
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The third imputed dataset produced the following rule with an accuracy of 77% covering 22%
of the cases:
Imp3:
If (Age<56.5) AND (ALT >=40.5) AND (Crea<88.5) THEN Class = 1
This rule is different from the rules stated earlier, because it also considers the creatinine
values in order to classify cases as HCV positive. This rule suggests that cases under the age
of 56.5 years and whose ALT levels are at least 40.5 U/L but have Crea below 88.5 are more
likely to be HCV infected.
The rule generated by using the fourth imputed dataset had coverage of 37% and classified
72% of cases correctly. This rule is similar to those generated using complete cases and the
first two imputed datasets is:
Imp4:
If (ALT >=33.5) AND (Age<55.5) THEN Class = 1
The fifth imputed dataset produced the following rule:
Imp5:
If (ALT >=40.5) THEN Class = 1
This rule is similar to all the other rules except that it uses ALT as the only factor for
classification. This, together with all other rules, explicitly identified ALT as the most
common contributing factor that can be used to identify potential HCV positive cases. The
rule could correctly classify 67% of the cases as HCV positive and had coverage of 35%.
Overall, decision tree models on imputed datasets did not perform as well as the model built
on the complete cases. The area under the ROC curve were mostly under 0.70, hence about a
third of the variation remain unexplained in most of the models.
ALT has been identified as the key predictor of HCV infection by all the Logistic Regression
Models and all the decision tree models. A higher level of ALT in the blood is indicative of
HCV infection, that is, increased level of HepC (Hepatitis C antibody) in the blood. The
pooled logistic regression model suggests that an increased level of ALT (i.e. greater than 35
U/L) almost doubles the Odds of HCV infection. This is further affirmed by the decision tree
models – all the rules in the tree models suggest increased ALT levels indicate the presence of
HCV infection.
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Together with ALT, clinicians should also consider taking patients‟ age, RDW level and GGT
level in the blood.
Almost all the decision tree models suggest that cases that are older than 55 years are likely to
be HCV negative. They also suggest that clinicians should be seeking information on the key
variables identified in this study on patients younger than 55 years. Cases who present any
symptoms of HCV infection should have their blood RDW, GGT, MCV, Hb and Lymph
levels monitored, together with HepC. Patients who show increased levels of any of these in
the blood should be referred for further tests such as digital imaging to see the extent of liver
damage and then their treatment can be determined. This study did not take blood AST levels
into account while building predictive models and classification rules for HCV infection, but
AST has been identified as a potential disease marker by other studies (see Forns et al., 2002).
Hence, AST levels should also be monitored to get an insight into ALT/AST ratio.

Blood

GGT levels should be monitored for patients who are older than 55 years. Those with lower
GGT (below 85 U/L) are less likely to be HCV positive. Males under 56.5 years are more
likely to be HCV infected, therefore the clinicians should be more vigilant in the
administration of blood tests for HCV infection in males to ensure that information on these
vital disease markers are obtained and monitored.
Missing data is one of the major obstacles encountered while analysing the ACT Pathology
dataset.

Administration of Multiple Imputation (MI) was made difficult because of the

largely skewed variables that make up this dataset. Some dichotomisation of variables took
place to overcome this. However, predictive mean matching was used to fill in missing values
of the quantitative variables and logistic regression for binary variables. These approaches
performed well in the circumstances as is evident in the convergence charts.

MI was

administered under fully conditional specification using PASW 18 but the information
gathered through this study suggests that blood levels of variables identified in this study
should be considered for all patients who show any symptoms of HCV infection so that the
dataset is more comprehensive and the resulting models are more efficient. Given that ALT,
GGT and RDW values are high for any patient, his/her blood HepC (and AST) levels should
also be monitored and the patient recommended for further tests. In addition, information
regarding illicit drug use, alcohol consumption prior to blood test and sexual intercourse with
potentially infected partners should also be collected and collated to benefit future analyses.
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Chapter 6

Conclusion

The threat from Hepatitis C is real – the vast majority of the people who contract HCV
infection will not report any symptoms, around 10% will be seriously ill in the initial stages of
the disease, around 75-80% will develop into chronic stages, up to 10% will develop
Cirrhosis, 5% will report liver failure, and it is the fastest growing infectious disease in
Australia (www.thelivercentre.com.au). It is estimated that 10000 new HCV infections will
occur in Australia each year but few medical practitioners have the specialised HCV
knowledge and skills (Treloar et. al, 2010) to deal with this infectious disease. For this
reason, the decision rules established by the tree models in this study are useful. These rules
are simple to follow and can provide further information about a patient and can be used as a
guide to select further tests. This will improve the management of patients at the acute stages
and regular follow up may help avoid the disease progressing into chronic stages.

Figure 33 Disease Progression of HCV infection
(Source: www.thelivercentre.com.au)
The threats of HCV infection and an increasing number of new notifications each year (400500 new notifications, Treloar et. al) were the motivations of this study. In addition, the
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problem of missing information on patients is a major obstacle that hinders data analysis
procedures.
Even with the setback of missing information and a huge imbalance in the nature of cases
(HCV positive and negative), regression and classification analysis were successfully
completed. The models were built on various balanced datasets: complete cases and imputed
datasets. The coefficient estimates of the regression models built on various imputed datasets
were „pooled‟ or combined to obtain overall estimates. These regression models, on average,
attempted to explain about 70% of the variation in the imputed dataset hence the model has
high risk estimates of around 30%. The regression models built on imputed datasets have
performed weaker than the regression model generated using the complete dataset (Area
under ROC Curve of 73% on complete dataset compared to an average of 69% on imputed
datasets).

However, the regression models on the imputed datasets recognised more

predictors as significant in predicting HCV infection. Some variables overlooked by the
regression model on the complete dataset were identified as important contributors and
disease markers by analysing the imputed datasets; hence some missing information was
restored via MI.

Variables like Sex, MCV, Lymph, Urea and Hb were the additional

variables identified by the regression models on the imputed datasets.

These variables,

together with other key predictors common to all the regression models, may hold key
information to help general practitioners detect the HCV infection early rather than later. On
average, the regression models can be seen as satisfactory models as far as HCV prediction is
concerned, that is, regression models are not completely reliable. The regression models
suggest that increased levels of ALT, GGT, RDW and Lymph can increase the Odds of HCV
infection. ALT levels higher than 35 U/L can significantly increase the Odds of HCV
infection by almost twofold. These findings coincide with the current medical practice – an
increased level of ALT in the blood is used as a guide to request further tests that include
HepC level.
The decision tree models affirm this and point out that cases with ALT levels above 35 U/L
are most likely to be infected with the virus.

The entire decision tree models have the

variable ALT at the terminal nodes for most cases which implies that ALT is one of the
significant predictor of HCV infection.
This study has limitations that hindered the formulation of a more powerful predictive model.
Most of the key variables (including the target variable – HepC) have a reportedly higher
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proportion of missing information which necessitated MI. The imbalance in the number of
cases with

(classified as HCV positive) caused bias in classification of cases as

HCV positive and HCV negative. This prompted the need to omit most of the HCV negative
cases and create a dataset with equal numbers of HCV positive and negative cases (balanced
datasets). This has caused loss of information that could have been vital in building a more
powerful predictive model. Hence, future studies on Hepatitis C should be of a prospective
nature – more data is needed on the HCV infected patients to build a better predictive model,
as in Forns et al. (2002). The key disease markers identified in this study include Age, ALT,
Sex and MCV – the variables that were identified in another study (by Richardson et al.,
2008) to predict Chlamydia pneumoniae infection.

Hence, more disease-specific data

collected on HCV infected persons is required for better model with enhanced predictive
power. Other variable selection procedures like Stochastic Search Variable Selection, as
outlined in O‟Hara & Sillanpaa (2009), will also be considered.
The study has not produced a powerful predictive model that could be used on general
patients to detect the presence of HCV infection, but has provided useful information on the
type of blood tests (the variables that need to be considered) to be conducted on patients who
show any symptoms of HCV infection. These indicators (listed in Table 20) should be
considered for all patients who have any of the symptoms of HCV infection or show an
elevated HepC levels in their blood. Hence, the results obtained in this study will aid
clinicians in the decision making and the management of likely HCV positive patients.
Hu et al. (2004) used a multivariate seasonal auto-regressive moving average (SARIMA)
technique to build an empirical model to forecast the epidemics of Ross River virus (RRV) in
Brisbane, Australia.

Their model was generally consistent in predicting the monthly

incidence of RRV. The success of their model (prediction with root mean squared error =
0.94%) can be attributed to subject selection for the study. Their data was based on subjects
who have already been identified as carriers of RRV and used environmental variables to
study their contribution to the transmission of RRV.

In another study to model the

transmission of tuberculosis (TB), Bailey et al. (2002) used generalised estimating equations
on data collected on consecutive TB cases and their contacts and achieved a low false-positive
rate of below 10%. A similar approach needs to be taken to build a powerful and efficient
predictive model for HCV infection. The data needs to be collected on patients already
identified as HCV positive and followed up on a regular basis for their blood serum levels
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monitored on the key indicators established in this study (see Table 20) so that a more
informative dataset can be created.
Future studies to discover an easy-to-interpret and powerful predictive model for HCV
infection should consider ensemble learning methods on patients diagnosed with HCV
infection.

Ensemble methods like bagging, boosting, random forest and support vector

machine (SVM) should be applied to the dataset. The dataset on confirmed HCV cases is
expected to be small, so these methods would be able to handle such samples by building
multiple models and then deriving a single model by majority voting.

The variable „Age‟

should be split into appropriate categories that help discriminate cases, each category giving
rise to a separate model. The „Age‟ specific models may have an increased power in the
classification of cases as immunity and HCV progression is different among different age
groups. Richardson et al. (2008), in their study on the diagnosis of Chlamydia pneumonia
through pattern recognition, split „Age‟ into two categories: below 15 and greater than or
equal to 15, and recommended enhanced analysis of „Age‟ together with use of SVM for a
better and a more powerful predictive model. Key descriptive information (qualitative in
nature) on patients with symptoms should also be collected. This may include information on
the use of illicit drugs, sharing injections and sexual contact with an infected person as these
have been identified as the key transmission routes.
Better data quality and completeness would help boost efficiency and accuracy of the
predictive models. Incompleteness causes massive loss of information (as established in this
study) but can be handled by MI to restore some of the missing information.

The

implementation of an appropriate MI model can be used to address missing information, even
for skewed variables, to create plausible datasets for subsequent analyses.
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