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Summary
Anticoagulant therapy is used to reduce the embolic risk associated with many diseases 

e.g. atrial fibrillation, deep vein thrombosis and aortic valve replacement. The decision to 

anticoagulate a patient is made individually, taking into account the potential benefits and 

risks. Warfarin is the only oral anticoagulant licensed in the Republic o f Ireland. It has a 

very narrow therapeutic index and for safe rational anticoagulant therapy, an understanding 

o f  the interrelationships which influence an individual’s response to the drug is essential. 

The objective o f this study was to investigate the potential role that neural networks (NNs) 

may play in oral anticoagulant therapy. NNs are computer based mathematical modelling 

systems that mimic the computational ability o f the human brain. In order to improve the 

quality o f  patient care, we considered the possibility o f  using NNs to mimic the prescribing 

behaviour o f  the health care practitioners (HCP) in the anticoagulant clinic (AC) o f the 

Adelaide and Meath Hospital incorporating the National Children’s Hospital (AMNCH). 

An additional role for NNs to predict patients’ International Normalised Ratio (INR) 

measurements upon return to the AC was also investigated.

Ethics Committee approval was obtained and the NNs were trained using data collected 

from 202 patients attending the AC o f AMNCH. Up to 24 variables were used to train the 

networks to reasonably mimic the prescribing behaviour o f  the HCPs. Because o f  the wide 

distribution in the training data the NNs tended to over predict low warfarin dosages and 

under predict high dosages. The INR NNs proved better at predicting INR readings than 

the HCPs. There was some evidence in the course o f  the study that the H CP’s ability to 

predict INR readings improved.

The data collected in the course o f the study also revealed that a daily warfarin dosage was 

statistically significantly correlated to patient’s age and weight. It also suggested that the 

mean daily dosage for Irish patients is 5mg, in contrast to the internationally defined daily 

dosage o f 7.5mg.

On the basis o f  a GP and drug utilisation study it is estimated that there are currently 

-18,000 patients on warfarin and their care is sub optimal. It was concluded that a 

modified NN package could be developed to aid in the management o f anticoagulant 

patients in a primary or secondary care setting. A number o f  different modalities were 

identified, as to how NNs could aid in the management o f  warfarin therapy.
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Chapter 1

1 Chapter One

Introduction to Coagulation and the use of Oral Anticoagulants 

in the Treatment of Thrombotic Diseases

1.1 Background

Arterial, cardiac and venous thromboembolism are major cause of death and disability in the 

Western World e.g. 8.7% of Irish deaths in 1997 were due to strokes and during 1996 there 

were 13,431 discharges from Irish hospitals with a diagnosis of stroke (Dept, of Health & 

Children 1999). About 85% of strokes are due to thromboembolism either from the heart, 

aorta, neck arteries or occasionally leg veins. The number of hospital bed days occupied by 

stroke patients during 1996 was 235,416 (Dept, of Health & Children 1999; Scottish 

Intercollegiate Guidelines Network (SIGN) 1999). Patients suffering from deep vein 

thrombosis and pulmonary embolism occupied additional bed days, but unfortunately 

information regarding the number of days was not available.

1.2 Coagulation (Thrombosis and the Clotting Cascade)

Thrombosis is the process involved in the formation of a fibrin blood clot and is the result of 

a complex series of events involving both platelets and a series of coagulant proteins. 

Activation of circulating clotting factor precursors, secondary to tissue injury or surface 

contact of collagen, can disrupt the normal balance between procoagulant and anticoagulant 

factors within the body. This initiates the transformation of the platelet plug to a fibrin clot 

i.e. the clotting process/cascade (Figure 1.1) (Bowman et al. 1980).

The intrinsic pathway, commonly called the contact pathway is activated when shed blood 

comes in contact with an artificial surface, mediates factor X activation via a chain of events 

initiated by contact of factor XII with exposed collagen from damaged subendothelial 

vessels or by contact with a foreign substance e.g. a prosthetic surface. The 

classical/extrinsic pathway is initiated by tissue factor, an integral membrane protein which 

is expressed on the surface of tissue cells and stimulates monocytes and which may occur in 

atheroscelerotic plaques via factor Vila. The exposure of blood to the tissue 

thromboplastin (a tissue factor released after vascular wall damage) results in the 

thromboplastin combining with and activating factor VII to form a complex that activates
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factor X. Once stimulated both the intrinsic and extrinsic systems activate the common 

pathway of the cascade via factor X. Overall, the process of clot formation is an ongoing 

one involving various factors stimulating, inhibiting and dissolving a fibrin clot (Elsevier et 

al. 1992; Rang et al. 1995).

Intrinsic Pathway Extrinsic Pathway

XII- 1
Xlla Heparin

XI-

: X Ia  

IX -i-----

Tissue Factor+ 

VII

; Ca2+ 1* VIII
IXa

Ca2-H, PL

Xa

Heparin Xa

  VIIa/Tissue < -
Ca2-^ Factor Ila

II
: V,Ca2H-,PL 

 ►
Fibrinogen -

1.
Ila

 X---------
Fibrin Monomer

Ila
XIII

Fibrin Clot (weak) 
X II I a |

Fibrin Clot (strong

Fibrinopeptides
A+B

Figure 1.1 Diagrammatic illustration o f the in vivo clotting cascade (The vitamin 

K dependent clotting factors are marked with □ )  (Bowman et al. 1980; 

R a n g e /a /. 1995)

1.2.1 Blood Coagulation

A blood clot is a jelly-like mass, composed of a meshwork of fibrin threads, that holds the 

cell and the fluid portions of the blood in its interstices. After plasma has clotted the fluid is 

called serum and the role of the various factors are shown diagrammatically in Figure 1.1 

and Table 1.1. The initial fibrin polymer constitutes a soft clot which is readily dissociated 

if the process proceeds no further. However, Factor XIII, the fibrin stabilising factor, 

catalyses the formation of stronger cross-linkage between the monomer units, therefore 

forming a more stable clot (Bowman et al. 1980). Some of these protein factors are present 

as inactive precursors in the blood and others are absent Irom serum having been consumed 

in the reaction e.g. fibrinogen (I) and Factors V and XIII.

2
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Table 1.1 Factors involved and their role in the clotting process

Factor Name Role in coagulation

I Fibrinogen Converted to fibrin monomer (la) and then to 

fibrin polymer (Ib).

II Prothrombin Converted to thrombin (Ila), an enzyme that 

converts fibrinogen (I) to fibrin (la).

III Tissue thromboplastin A lipoprotein released by tissue damage which 

acts in conjunction with Factor VII to activate 

Factor X.

IV Calcium ions A CO factor for various enzymatically catalysed 

reactions in coagulation.

V Proaccelerin or Labile factor 

or Accelerator globulin

A cofactor for prothrombin activator (Xa).

VI Proaccelerin Included in Factor V.

VII Proconvertin or Stable 

factor

A CO factor for tissue thromboplastin (III).

VIII Antihaemophilic globulin Converted to Factor Villa, an enzyme that

(AHG) or factor A (AHF-A) activates factor X.

IX Christrrms factor or Converted to Factor IXa, an enzyme that activates

Antihaemophilic factor B 

(AHE-B) or Plasma 

thromboplastin component 

(PTC)

Factor VIII.

X Stuart-Prower factor Converted to prothrombin activator (Xa), an 

enzyme that converts prothrombin (II) to 

thrombin (Ila).

XI Plasma thromboplastin Converted to Factor XIa, an enzyme that activates

antecedent (PTA) or 

Antihaemophilic factor C

Christmas factor (IX).

3
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Table 1.1 contd.

Factor Name Fate or role in coagulation

XII Hageman factor or Glass Activated by contact with foreign surfaces (e.g.

factor glass), damaged vascular endothelium or low pH. 

Factor X lla is an enzyme that activates Factor XI.

XIII Fibrin-stabilizing factor An enzyme which stabilizes fibrin polymer (Ib) by 

formation o f  cross-linkages.

PF3 Platelet factor 3 A phospholipid released fi'om platelets which acts 

as a cofactor for several enzymes concerned with 

coagulation.

The Letter 'a' following a Roman numeral indicates an activated tactor.

(Bowman ef a/. 1980; R a n g e /a /. 1995)

1.3 Vitamin K

Vitamin K was named after it’s German title the Koagulation-Vitamin. There are two 

subtypes o f  vitamin K that are source dependent. Vitamin K| (phytomenadione) is a natural 

source found in green plants e.g. spinach, cabbage and broccoli (Table 1.2). Vitamin K2 is 

synthesised by bacteria (e.g. Escherichia coli) in the mammalian gastro-intestinal tract. 

Vitamin K2 unlike Ki is not a single compound, but a series o f  compounds with varying 

lengths o f  side-chains (Figure 1.2). Both vitamin Ki and K2 are fat-soluble vitamins and the 

presence o f  bile salts in the intestine are essential for their absorption. It is thought that 

bacteria present in the intestine detach the side chain and that the methyhiaphthoquine is 

then absorbed and the water-soluble synthetic derivative menadione is absorbed in the 

absence o f  bile salts. The absorption o f  vitamin K may be impaired for several reasons e.g. 

chronic diarrhoea, physiological disorders resulting in inadequate bile secretions and fat 

malabsorption. Vitamin K accumulates in the liver, but is only stored by the body for very 

short periods o f  time. Phytomenadione (Vitamin K|) is rapidly metabolised to more polar 

metabolites and is excreted in the bile and urine as glucuronide and sulphate conjugates 

(Ranged a/. 1995).

4
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Table 1.2 Vitamin K content in food

Food Item Vitamin K

M.g/1 0 0 g

Food Item Vitamin K 

Hg/lOOg

Coriander (cooked) 1,510 Lettuce Leaf (raw) 2 1 0

Parsley (cooked) 900 Spring Onions 207

Parsley (raw) 540 Brussels sprouts 177

Spinach Leaf (raw) 400 Cabbage (raw) 145

Broccoli (cooked) 270 Green Beans (raw) 47

Turnip greens (raw) 251 Beef Liver (fi'ied) 3

(United States Department of Agriculture; Brigden 1991)

o

o

R  =

CH3 CH3

I r InCH2 C H = C - CH2CH2 CH2 CH--CH 3 VitK,

CH, CH,

H2CHC=C- -C H 2C H 2C = C H -

Figure 1.2 The structure o f vitamin K

-CH,
n

VitKj 

n = 1 to 1 2

1.3.1 Physiological Requirements

Vitamin K is an essential factor in the hepatic synthesis of prothrombin factor II, blood 

clotting factors VII, IX, X, protein C and protein S. These are essential in the blood 

coagulation pathway described previously (Figure 1.1). The proposed hypothesis as to how 

vitamin K elicits its effect is as follows: Vitamin K is a necessary cofactor in the final stage 

of the synthesis of prothrombin and Factors VII, IX and X. This final stage is the y-

5
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carboxylation of some o f the glutamic acid residues in the proteins. The y-carboxylation 

acid residues formed bind with Ca and are necessary for the actions o f this group of 

factors in the clotting process/cascade. Therefore, vitamin K antagonists inhibit the role o f 

vitamin K in the y-carboxylation o f the glutamic acid residues (Bowman et al. 1980; Rang et 

a l  1995; Hirsh e/a/. 1998).

1.3.2 Human Requirements

There are no clearly defined minimum daily amounts o f vitamin K, although the average 

person requires an intake o f 1 |_im/kg body weight daily, while 2|^m/kg body weight daily for 

infants is recommended due to their lack o f  hepatic menaquinones in early life. These 

requirements are normally met Irom dietary sources (Table 1.2) and Irom bacterial action in 

the gastro-intestinal tract. Stores o f vitamin K unlike the other fat-soluble vitamins are 

rapidly depleted if intake is not sufficient (Harris 1995; Martindale 1999).

1.4 Oral Anticoagulants 

1.4.1 Background

The origin o f oral anticoagulants came about as a direct result o f a change in agricultural 

policy in North America during the 1920’s when sweet clover was substituted for com in 

cattle-feed. These animals experienced prolonged bleeding after undergoing minor 

injury/surgery e.g. de-homing or castration which led to many o f them spontaneously 

haemorrhaging. After 20 years o f research the presence o f bishydroxycourmarin in sweet 

clover was linked to these events. The first vitamin K antagonist was used in general 

medicine within a short period after it’s discovery as an anticoagulant to reduce the embolic 

risk associated with several diseases (Butt et al. 1941).

Development o f this compound led to the synthesis o f  substituted coumarin derivatives 

which are now commercially available i.e. nicoumalone (acenocoumarin), phenprocoumon 

and warfarin (Figure 1.3). O f the various oral anticoagulants available warfarin is the most 

widely used worldwide and probably the most extensively investigated. Warfant® (warfarin) 

is the only licensed oral anticoagulant commercially available in the Republic o f  Ireland 

(ROI) and is supplied solely by Antigen Pharmaceuticals Limited. Nicoumalone and 

phenprocoumon are available on a named patient basis, but are rarely used unless patients

6
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are unresponsive to or develop a sensitivity reaction to warfarin. Therefore, warfarin is the 

most readily available and used oral anticoagulant in the ROI.

O O

OH OH

Warfarin Acenocoumarin

O

OH

I I

.0

O

.0

o

Phenindione

Figure 1.3 The chemical structure o f warfarin, acenocoumarin and phenindione

(Anselle/a/. 1996)

Anticoagulants are used in the treatment and prophylaxis of thrombi and emboli formation. 

A thrombus is a clot of blood that is fixed to the wall of a blood vessel and occurs at 

damaged tissue or the vascular endothelium in veins. Thrombus formation is commonly 

associated with inflammation (phlebitis) in arteries and tends to form on artheromatous 

plaques. An embolus is a fragment of a clot broken off from a thrombus and is carried in 

the blood stream until it lodges in an artery/vein. Blockage of an artery/vein by an embolus 

is termed embolism (Bowman a/. 1980; Harrington e/a/. 1991).

Barbui and co-workers in 1995 calculated that 1 in every 200 of the general population in 

the United States o f America and Europe is treated with some type of oral anticoagulant 

therapy (Barbui et al. 1995). The clinical effectiveness of oral anticoagulant drug therapy

7
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has also been established for a variety o f disease states, but barriers that existed in practice 

which are thought to hinder the prescribing o f oral anticoagulants to suitable patients in 

general practice have been identified. Three hindrances were identified and are listed below 

(British Society o f Haematology 1990 and 1998; Ansell et al. 1997; SIGN 1999):

• Gaps in knowledge o f or belief in their effectiveness.

• Concerns about their safety.

• Concerns about the difficulty o f managing/monitoring patients taking 

anticoagulation therapy.

1.4.2 Indication for anticoagulation

Oral anticoagulant therapy has been shown in several published studies to be effective in the 

prevention of serious vascular events when given as prophylaxis to high risk patients or as 

treatment o f acute arterial or venous thrombosis (Petersen et al. 1989; Atrial Fibrillation 

Investigators, 1994; European Atrial Fibrillation Trial Study Group, 1995; Hirsh et al. 

1998). Pegg et al. in 1985 estimated fi'om previous published work that approximately 

50,000 patients in Britain receive oral anticoagulant treatment every day and over two 

million tests o f anticoagulant control are performed every year for a variety o f indications.

Anticoagulant therapy, as previously mentioned, is used to reduce the embolic risk 

associated with several diseases. The decision to anticoagulate a patient must be made on 

an individual basis, taking into account both the potential benefits and risks (i.e. those in 

whom the risk o f major thromboembolic events exceeds the risk o f major bleeding). The 

aim o f such therapy is to prevent pathological clot formation in patients at risk and to 

prevent extension of clot and thrombosis occurring.

The indications listed in the 40“’ British National Formulary (BNF) under warfarin sodium 

state that warfarin is indicated for use in the ‘prophylaxis o f embolisation in rheumatic heart 

disease and atrial fibrillation; prophylaxis after insertion o f prosthetic heart valve; 

prophylaxis and treatment of venous thrombosis and pulmonary embolism and transient 

ischaemic attacks’ (BNF Sept. 2000). These indications are listed in Table 1.3 and Table 

1.4. Until the publication of the latest British Haematological Societies guidelines in 1998 

patients were normally anticoagulated within a desired therapeutic International Normalised 

Ratio (INR) range, but the more recent guidelines state that ‘in practice many clinicians and
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computer support systems regulate dosage according to deviation of the INR from a single 

target taken as the midpoint of the designated range e.g. 2.5 for a range of 2.0 -  3.0’ and ‘in 

view of this we have elected to recommend target INRs throughout these guidelines’ (Table 

1.4) (British Society of Haematology, 1990 and 1998).

Table 1.3 Indications for oral anticoagulation and target INR ranges according to 

the British Society of Haematology, 2 '" ‘ Edition Guideline, 1990

Indication Target INR

• Prophylaxis of deep vein thrombosis including

surgery on high risk patients (2.0-3.0 for hip surgery 

and fractured femur operations)

2.0-2.5

• Treatment of deep vein thrombosis. Pulmonary

embolism. Systemic embolism. Prevention of venous 

thrombo-embolism in myocardial infarction. Mitral 

stenosis with embolism. Transient ischaemic attacks. 

Atrial fibrillation

2.0-3.0

• Recurrent deep vein thrombosis and pulmonary 

embolism. Arterial disease including myocardial 

infarction. Mechanical prosthetic heart valves

3.0-4.5

In the last decade substantial amounts of research have taken place to investigate the 

potential benefits of anticoagulation for patients with atrial fibrillation (AF) (SIGN 1999). 

The published findings from these studies have shown that patients with AF have a five-fold 

Increase in risk of stroke compared to patients in sinus rhythm and that patients with this 

type of condition treated with anticoagulant therapy showed a 68% reduction in the risk of 

experiencing a stroke (SIGN, 1999). Previously published work to these guidelines 

demonstrated that moderate anticoagulation (i.e. to achieve an INR between 1.5 and 3.0) 

decreased the risk of stroke by about two thirds (Lowe et al. 1992) and Petersen and 

associates in a retrospective study of 134 patients with non-rheumatic AF found that the 

incidence of thromboembolism was about eight times greater in patients not taking oral 

anticoagulant than during periods where patients were taking an oral anticoagulant 

(Petersen et al. 1989). Therefore, oral anticoagulant therapy has a role in the prevention of 

thromboembolic event, although close monitoring of a patient’s blood is necessary.
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Table 1.4 Indications for oral anticoagulation and target INR values according to 

the British Society o f Haematology, 3"* Edition Guideline, 1998

Indication Target INR

• Pulmonary embolus 2.5

• Proximal deep vein thrombosis 2.5

• Calf vein thrombus 2.5

• Recurrence of venous thromboembolism when no 2.5

longer on warfarin therapy

• Symptomatic inherited thrombophilia 2.5

• Non-rheumatic atrial fibrillation 2.5

• Atrial fibrillation due to rheumatic heart disease, 2.5

congenital heart disease, thyrotoxicosis

• Cardioversion 2.5

• Mural thrombus 2.5

• Cardiomyopathy 2.5

• Mechanical prosthetic heart valve 3.5

• Recurrence of venous thromboembolism while on 3.5

warfarin therapy

• Antiphospholipid syndrome 3.5

“However, many doctors are reluctant to prescribe anticoagulant or antiplatelet therapy for 

elderly patients because of concerns about haemorrhagic side-efFects and drug compliance. 

The majority of AF patients were not receiving therapy with aspirin or warfarin as primary 

or secondary stroke prevention and the prevalence of AF rose with age from 2.2% of men 

and 1.6% of women aged 60-69 years to 8.2 % of men and 9.6% of women aged 80-89 

years” (O’Connell et al. 1996). Therefore as our population ages, the potential use o f oral 

anticoagulant therapy wUl increase.
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1.4.3 M ode o f action of Warfarin

Warfarin, along with other oral anticoagulants, generates the desired anticoagulant effect by 

interfering with the cyclic interconversion o f  vitamin K and vitamin K epoxide. The 

structures o f  warfarin and vitamin K are similar (Figure 1.2 and Figure 1.3) and because o f  

this similarity, warfarin elicits it effect Rang et ah 1995).

The physiological requirements o f  vitamin K as pointed out in section 1.3.1 are essential, for 

the post-ribosomal conversion (y-carboxylation) o f  several clotting factors. During the 

factor conversion cycle, vitamin K epoxide is in reversible equilibrium with vitamin K, but 

this equilibrium is interrupted in patients taking oral anticoagulants. Warfarin and other 

coumarin derivatives inhibit this equilibrium i.e. the cyclic interconversion o f  vitamin K 

epoxide back to vitamin K resulting in an increased ratio o f  vitamin K epoxide to vitamin K 

in the liver (Figure 1.4). An oral anticoagulant also inhibits vitamin K reductase, therefore, 

by blocking the conversion o f  vitamin K epoxide to vitamin KH2 . This reduction in the 

effective concentration o f  vitamin K reduces the effectiveness o f  synthesised coagulation 

factors (John et al. 1990; Hirsh 1991; Drugs and Therapeutics Bulletin 1992; Sutcliffe et al. 

1987; Hirsh et al. 1998). Therefore, oral anticoagulants extend the time taken for blood to 

clot by reducing the concentration within the plasma o f  a number o f  components necessary 

for the clotting cascade to proceed (Figure 1.1).
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Figure 1.4 The Vitamin K cycle (www.orst.edu)
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The type o f embolus manifested in a patient is also very important, as diiferences exist 

between venous and arterial thrombosis. Venous thrombosis mainly consists o f fibrin 

whereas arterial thrombus consists o f both fibrin and platelets interspersed with white and 

red blood cells. Theoretically, since vitamin K antagonists affect the formation o f fibrin and 

not platelets, they are more suited towards the treatment o f venous thrombosis than arterial 

thrombosis. Therefore, warfarin is indicated for use in venous thromboembolism disorders 

and aspirin is indicated for used in arterial diseases e.g. warfarin usage in the treatment of 

myocardial infarction is limited unless co-existing disorders need treatment e.g. atrial 

fibrillation. Contraindications to warfarin usage include an increased risk o f bleeding due to 

co-existing medical disorders e.g. recent or current peptic ulcer, pregnancy and any 

tendency to falls or other exposure to trauma where the anticoagulant effects o f warfarin 

could be enhanced (BNF 37‘*’ - 40'*’ Editions).

Heparin and warfarin both have anticoagulant action but do not have thrombolytic action. 

Therefore, thrombus formation is prevented (or halted if already commenced) but 

dissolution o f the thrombus is not a direct action o f either drug. Anticoagulants when used 

for the treatment o f a deep vein thrombosis (DVT) or pulmonary embolism (PE) will halt 

the extension of a lodged thrombus and allow the body’s own clot dissolution mechanism 

(i.e. plasmin) to convert tight fibrin into soluble fibrin fi'agments (Hirsh 1986).

1.5 Pharmacokinetics/Pharmacodynamics of warfarin 

1.5.1 Warfarin’s onset of action

The effect o f oral anticoagulants on fibrin formation takes several days to develop because 

the time taken for the degradation o f the cofactors already carboxylated and circulating in 

the blood must be taken into account. The onset o f action o f warfarin and similar drugs 

depends primarily on the half-lives o f the relevant circulating cofactors. Factor VII has a 

half-life o f 6 to 7 hours and is the first cofactor to be affected, then IX, X and II with half- 

lives o f 24, 40 and 60 hours respectively. The peak anticoagulant effect is delayed for 

approximately 72 to 96 hours depending on the circulating level o f these cofactors (Hirsh 

1991; Rang et al. 1995). Therefore, the patient’s prothrombin time (PT) depends on the 

synthesis and degradation o f the vitamin K dependent clotting factors i.e. the initial decline 

in a patients PT primarily reflects the degradation rate constant o f the factors whereas a
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return o f a patients PT to a normal baseline level is controlled by the synthesis rate constant 

o f  the co-factors and the elimination rate constant o f warfarin. All these parameters were 

taken into consideration by Jusko and Ko who represented this process in Figure 1.5, where 

it is assumed that the clotting factors are synthesized with a zero-order rate constant (ksys) 

(Jusko et al. 1994). Whereas the degradation o f these factors is o f a first order rate 

constant (kdeg). IC50 is the amount o f drug required to result in 50% inhibition and Cp is the 

plasma drug concentration.

Prothrombin 
Complex Activity

dR/dt = ksys (1- Cp/IC50 +Cp) -  Kjeg *R 

Figure 1.5 Physiological indirect response model for warfarin (Jusko e? a/. 1994)

Protein C, a vitamin K dependent pro-enzyme, when activated by thrombin has the ability to 

inhibit factors Va and Vila (Figure 1.1) and therefore shows some inherent anticoagulant 

properties. Since depression o f vitamin K activity by warfarin also decreases activated 

protein C levels there may be a risk o f patients experiencing a thromboembolic event at the 

time of warfarin initiation; however, antithrombotic activity o f warfarin by suppression o f 

factor II, VII, IX and X  in almost all cases overcomes this initial risk (Bowman et al. 1980; 

Hirsh 1991).

1.5.2 Absorption and Distribution

Warfarin sodium is non-polar below a pH of 5.1 and is absorbed completely Irom the upper 

gastrointestinal tract by passive diflfiision. Absorption o f warfarin sodium has also been 

demonstrated through the skin (Shetty et al. 1989; Martindale 1999).

Several studies have shown that warfarin when administered orally was 100% bioavailable 

and unchanged warfarin has not been recovered fi"om stool samples. The concurrent 

consumption of food decreases the rate, but not the extent o f absorption and peak plasma 

concentrations occur after 1 to 2 hours (Breckenridge et al. 1973; Holford 1986; Shetty et 

al. 1989; Hirsh et al. 1995; Martindale 1999). Earlier studies calculated the time to reach 

peak concentrations to be relatively longer i.e. 3 to 9 hours (Kelly et al. 1979). Warfarin
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does cross the placenta and is associated with increased incidence of foetal abnormalities, 

but insignificant amounts are to be found in the milk of a nursing mother (Martindale 1999). 

On et al. 1988 investigated the absorption of warfarin by collecting 24 jejunostomy drainage 

samples and assayed these for warfarin content following doses of 2.5 and lOmg. The 

calculated absorption was 96.1 and 92.8 percent respectively. Therefore, the authors 

concluded that the absorption of warfarin was rapid and complete (On et al. 1988).

Warfarin contains an asymmetric carbon atom (Figure 1.6) and can exist in two forms i.e. it 

is optically active and normally present as a racemic mixture containing equal amounts o f -  

or S warfarin and + or R warfarin enantiomers (Kelly et al. 1979). Warfarin sodium tablets 

are administered as a racemic compound and the S isomer is 5 times more potent than that 

of the R isomer in antagonising vitamin Ki epoxide (Lewis et al. 1973; Hirsh et al. 1995; 

Mungall et al. 1995; Martindale 1999; Data Sheet Compendium 1999-2000).

O O

OH

S

OH

R

Figure 1.6 Diagrammatic representation o f the chemical structures of the optically 

active warfarin isomers (Bowman et al. 1980)

Warfarin is extensively bound to plasma protein, particularly albumin, and is therefore 

widely distributed to body organs and tissues. Holford in 1986 estimated that the apparent 

volume of distribution of warfarin was 10 L/70Kg and he estimated that the distribution 

phase of warfarin throughout the body lasted approximately 6 to 12 hours (Holford 1986). 

Approximately 1% to 3% of warfarin is unbound to albumin and the apparent volumes of 

distribution of the two isomers are similar (the range in the volume of distribution varied 

Irom 7.6 L/70Kg to 13.9 L/70Kg) (Shetty et al. 1989). Warfarin’s plasma half-Ufe is 

approximately 37 hours (Martindale 1999), although King et al. in 1995 documented the 

possibility of warfarin having dosage dependent pharmacokinetic properties and that the
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steady state plasma level of warfarin would possibly be achieved after once daily dosing for 

a week.

1.5.3 Metabolism and excretion of warfarin

Warfarin is cleared from the body almost entirely by metabolism, with minute quantities 

appearing unchanged in the urine. This metabolism takes place in the endoplasmic 

reticulum of the liver parenchyma via the hepatic P-450 microsomal enzyme system. This 

hepatic metabolism system is stereo-selective and both the S and R isomers are metabolised 

at differing rates. The S isomer is metabolised by the isoenzymes CYP2CP and the R 

isomer is metabolised primarily by CYP1A2 and also by CYP3A4 (Beckley 1999). The 

documented respective half-lives for R and S warfarin are 45 hours and 33 hours 

respectively. The overall average half-life of racemic warfarin is 35/36 hours although this 

varies in the literature from 17 to 60 hours. The plasma clearance of warfarin has been 

stated to be approximately 0.2 L/h/70Kg (Breckenridge et al. 1974; Holford 1986; Mungall 

et al. 1995; Shetty e/a/. 1989; Rang e/a/. 1995).

Following the administration of racemic warfarin four metabolites are identifiable, i.e. 7- 

hydroxywarfarin, 6-hydroxywarfarin, and 2 diastereoisomeric warfarin alcohols which are 

renally excreted. S warfarin is mainly oxidised to 7-hydroxywarfarin, with a smaller portion 

oxidised to 6-hydroxywarfarin or reduced to (S,S) warfarin alcohol and (S,R) alcohol. On 

the other hand R warfarin is primarily reduced to (R,S) warfarin alcohol with traces of the 

(R,R) alcohol. All four of these metabolites are active in reducing the circulating level of 

factor II, VII, IX and X although their potency is dramatically less than that of their parent 

compounds (Martindale 1999). Other co-administered drugs may also affect the stero 

selective metabolism of the isomers differently and this is a major cause of many drug/drug 

interactions with warfarin, which will be discussed later (Lewis et al. 1973; Breckenridge et 

al. 1974; Holford 1986; Shetty et al. 1989; Hirsh et al. 1998; Martindale 1999).

1.6 Factors affecting anticoagulant therapy

The effects of warfarin are monitored within narrow ranges (see Section 2.1) and for safe 

rational anticoagulant therapy an understanding of the various factors that influence an 

individual's response to the drug is essential. One of the most commonly misunderstood 

facts about warfarin is it’s relationship with a patient’s PT measurement. The reason for
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this is that a patient’s response to an ingested dosage of warfarin is not immediate i.e. as 

previously mentioned, warfarin inhibits the synthesis of clotting factors II, VII, IX and X in 

the liver, but it does not affect the vitamin K dependent clotting factors already circulating 

in a persons blood. Therefore, there is a delay in a patient’s response to the ingestion of 

warfarin tablets (Mungall et al. 1995).

Before any oral anticoagulant is given to a patient a base line PT should be conducted. This 

measures the time of clot formation and compares the patient's PT with that of a normal 

control. Other factors which must be considered before commencement of therapy are 

patient’s age, weight, pathophysiological state and concurrent medication as these factors 

will influence the initial dosage prescribed. Several warfarin loading dosage algorithms have 

being advocated and the loading algorithm advocated by The Adelaide and Meath hospital, 

incorporating the National Children’s Hospital (AMNCH) is that o f Finnerty and co

workers (Finnerty et al. 1984; Prescriber’s Guide 1998). A patient’s anticoagulant therapy 

is established on an individual basis and initially a patient is titrated with doses of 

anticoagulants in hospital until the required response is attained (i.e. target INR value). The 

co-administration of heparin or a low molecular weight heparin is common practice until 

therapeutic INR readings are obtained on two consecutive days. This is due to the fact that 

it can be several days before the true effect of oral anticoagulant therapy is seen.

1.6.1 Age and Weight

O’Malley and co-workers stated “decreased ability to metabolize drugs may contribute to 

the known high incidence of adverse drug reactions in the elderly” and “it is clear from this 

article that age and sex of human subjects must be considered when studying human drug 

metabolism” (O’Malley et al. 1971). Similarly Wilson and colleagues described how a 

patient’s age and weight are factors that are routinely associated with altering drug 

tolerabUity and potency profiles in individual patients. “In many cases these differences can 

be related to modified distribution, metabolism or excretion of the drug. There is evidence 

that in neonates and elderly patients, the extent and rate of these processes are less than 

those in older children and young adults” (Wilson et al. 1980).

A patient’s mean warfarin dosage has been shown to be affected by these two factors i.e. 

age and weight. Dobrzanski and associates showed that the maintenance dose of warfarin
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was positively correlated to an increase in weight (r=0.39; p<0.001) and that a negative 

correlation existed between a patient’s dosage and age (r=-0.39, p<0.001) (Dobrzanski et 

al. 1983). Prior to this report Routledge and associates had reported a negative correlation 

i.e. they observed an age related decline in the dose of warfarin and in the total and free 

plasma warfarin concentrations required to produce the same pharmacological effect, 

although they also found neither total nor free plasma warfarin clearance varied with age 

(Routledge et al. 1979). In another paper published by these authors they observed a 

progressive decline in daily warfarin dosage requirements for patients aged 35 years or more 

(Routledge et al. 1979b). Statistically significant associations have also been reported 

between a patient’s age and their INR measurements. Hence older patients are more 

sensitive to anticoagulant therapy (Hewick et al. 1975; Shepherd et al. 1978; Galdman et al. 

1995).

Findings published by O’Malley and associates in 1977 illustrated a statistically significant 

trend for the mean warfarin dose to fall relative to a patient’s age, after the fifth decade and 

the mean warfarin dosage in study patients aged over 70 years of age was 40% lower than 

in patients aged 40 - 50 years (p<0.001). They also noted that despite the lower dose of 

warfarin, the resultant anticoagulant effect was greater and concluded that “the results 

suggest an increased susceptibility of the elderly to the pharmacological effect of this drug” 

(O’Malley et al. 1977). Wynne «fe colleagues in 1995 reported similar findings with regard 

to a patient’s age and warfarin dosage (r = -0.53; p<0.001) (Wynne et al. 1995).

These studies indicate that elderly patients are more sensitive to the pharmacological effect 

of warfarin and therefore could be more prone to the potential adverse events associated 

with such therapy e.g. haemorrhage. Joglekar and co-workers demonstrated that within 

their anticoagulant clinic older patients could be managed on oral anticoagulant therapy 

satisfactorily once appropriate supervision and monitoring of the INR was undertaken. 

Interestingly, they also reported that the mean daily warfarin dosage required by the elderly 

population was less than that of the younger population i.e. mean 3.8mg (range l-7mg) 

(Joglekar et al. 1988).

Russmann and colleagues found that the dose required to obtain the desired level of 

anticoagulation in heart valve surgery patients was significantly lower in the older patients
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than in the younger age group (26.3 vs. 37.3 |ag/kg/day). They also found that “the dose- 

adjusted INR was higher in the older patients but the INR adjusted for the unbound plasma 

concentrations, which reflects the intrinsic sensitivity to the drug, was not significantly 

different”. They concluded, “Older patients (>70 years) require a dose approximately 30% 

lower than younger patients (<60 years)” (Russmann et al. 1997). Routledge had reported 

a decline in the dosage for patients aged 35 years or more (Routledge et al. 1979b). 

“Pharmacokinetic reasons (reduced metabolic clearance) are mainly responsible for the 

lower dose requirement of the older patients after heart value surgery” (Russmann et al. 

1997). Similarly O’Connell and associates documented that “there is no doubt that older 

patients are more sensitive to the effects of warfarin and there is a reduction in the dose 

requirement with age” (O’Connell et al. 1996).

1.6.2 Liver status

Wynne and associates reported a negative correlation between a patient’s age and liver 

volume (measured using ultrasound techniques) (r = -0.41; p = 0.01), but they found a 

positive correlation existed between a patient’s liver volume and dosage (r = 0.49; p = 

0.002) and concluded that “these findings support our hypothesis that the fall in ilinctional 

hepatic mass contributes to the increase in target organ sensitivity by demonstrating a 

significant correlation between liver volume and dosage, in addition to the negative 

correlation between age and dosage” and “that age and liver volume together account for 

approximately 34% of the variation in warfarin dosage requirements” (Wynne et al. 1995).

Piroli and co-workers demonstrated in their study of patients with idiopathic 

hypoalbuminaemia that the free fraction of warfarin in the plasma had increased. They 

observed an increased rate of warfarin clearance and decreased plasma half-life of the drug, 

but its volume of distribution was found to be normal (Piroli et al. 1981). Shetty and 

colleagues showed that warfarin is highly plasma protein bound, especially to albumin, and 

that an important factor for consideration was drugs that compete for similar binding sites 

to that of warfarin e.g. non-steroidal anti-inflammatory agents and phenylbutazone (Shetty 

etal. 1989; Adams 1998).

Warfarin is solely metabolised by the liver, therefore, an altered hepatic fiinction could 

potentiate it’s effect, which in part can be explained by an inability to synthesize vitamin K
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dependent clotting factors. Routine liver function tests (LFTs)/profiles normally consist o f 

six measurements as follows;

Brigden found that “hepatic dysfunction may occur as a result o f heavy alcohol 

consumption and can potentate the response to warfarin through impaired synthesis of 

coagulation factors. However, there is little evidence that regular modest alcohol 

consumption significantly interferes with oral anticoagulant control” (Brigden 1996).

Albumin is produced by the liver and may be depleted due to alcoholism or hepatic 

insufficiency. Alkaline phosphatase is a group o f isoenzymes and changes in their 

concentration from normal values indicate liver disease, varying from mild to moderate 

hepatic disease or may even signify other disease states such as bone cancer or Paget’s 

disease. Whereas alanine amino transferase (ALT) is found in tissue and is associated with 

aspartate-amion transferase, ALT is more liver specific whereas aspartate-amino transferase 

is associated with heart cell/muscle damage. Increased ALT levels normally 

indicate/represent a liver cell structure disease and therefore is associated with differing 

hepatic disease states, y-glutamyl transferase (yGT) is also indicative o f hepatic diseases, 

especially hepatobiliary diseases and the concentration o f yGT usually increases in response 

to liver enzyme induction. This enzyme induction may be drug induced e.g. barbiturates, 

phenytoin and rifampicin or more frequently it is a sensitivity indicator for recent alcohol 

exposure. Otherwise, increases in yGT associated with parallel increases in ALK PHOS can 

indicate jaundice or cholestasis (Bowman e/o/. 1980; Rang o/. 1995).

L6.3 Food/Dietary intake of vitamin K

Dietary vitamin K content can impact significantly on a patient’s anticoagulant status 

(Kempin 1983; Brigden 1996; Loken et al. 1992; Harris 1995). Table 1.2 shows the 

varying content o f vitamin K in a variety o f foods. Varying consumption o f different types 

o f food especially green leafy vegetables wUl affect a patients’ anticoagulant therapy and 

patients on oral anticoagulant therapy are advised to avoid drastic changes in their dietary

a) Albumin

b) Total bilirubin

c) Alkaline phosphatase

a) Alanine amino transferase

b) y-glutamyl transferase

c) Total protein
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habits (Hirsh 1995; Rang et al. 1995). No articles were found with regards to 

quantification of a patients dietary habits and their anticoagulant therapy.

In a study of serum fatty acid levels 14 patients’ serum fatty acid levels were shown to 

interfere with the binding affinity of warfarin to serum albumin (Vorum et al. 1996). 

Furthermore a diet low in fatty acid is associated with a low level of factor VII (Harris 

1995).

Harris, in 1995 reviewed published literature and case reports regarding dietary food 

interactions with all oral anticoagulants and the main findings were as follows:

a) Dietary factors other than vitamin K that may interact with oral anticoagulants 

and about which the patient should be cautioned include ingestion of supplements 

of vitamin A, E and C.

i. The fat-soluble vitamins A, D, and E when given as supplements have been 

reported to increase the patients PT measurement.

ii. Vitamin C has been associated with a decrease in a patient’s prothrombin 

time.

b) Herbal Teas containing tonka beans, meliot and woodruff" have been associated 

with increasing a patient’s PT. These three types of beans have coumarin 

properties themselves. Caffeine has been reported to decrease a patient’s PT.

c) Alcohol -  Chronic heavy ingestion of alcohol can have effects on the liver that 

adversely affect coagulation. Alcohol ingestion, either chronic or acute can result 

in errors when taking medication (Harris 1995).

1.6.4 Concurrent Medication

“Multiple drug regimes predispose patients to potentially fatal drug interactions. Currently, 

there are more than 200 reported drugs that may interact with warfarin. Drug interactions 

with warfarin are estimated to contribute to 10% to 25% of bleeding episodes in patients 

undergoing anticoagulation therapy” (Loken et al. 1992). Similarly, “when administration 

of drugs known to alter the effects of warfarin are initiated or discontinued, the warfarin 

dose should be adjusted by 20% to 25% in the appropriate direction with serial monitoring 

of the INR or PT ratio every 3 to 7 days for several weeks” (Loken et al. 1992).
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A drug interaction with warfarin may occur as a result o f alteration, metabolism or 

excretion o f warfarin. This interaction may either increase or decrease the free plasma 

blood levels o f  the interacting drug. Which in turn may result in the therapeutic 

enhancement or failure o f the specific agent, but it is the magnitude and duration o f any 

interaction that is o f real concern.

Drug interactions, either with prescribed or over the counter (OTC) medicines are a 

common explanation for a patient’s altered anticoagulant response to a stabilised dosage of 

warfarin. Cholestyramine is known to bind to both warfarin molecules and vitamin-K in the 

gut, resulting in resistance to warfarin therapy by impairing absorption (BNF 37“’-40‘*’ Ed.; 

Stockley 1999). The suggested resolution to this problem is to separate the doses by 3 to 6 

hours thus potentially reducing the interaction to some extent (Shetty et al. 1989). 

Concurrent use o f broad-spectrum antibiotics influences a patient’s pharmacological 

response to warfarin. Any broad-spectrum antibiotic may interfere with the normal gut 

flora in the intestines, which, as previously mentioned (Section 1.3), is an important source 

of vitamin K2 . This fluctuating source of vitamin K2 will potentially alter the synthesis rate 

o f the vitamin K dependent clotting factors.

In addition to drug displacement from it’s binding sites Lewis and colleagues described 

another potential source o f drug interaction with warfarin in 1973; in the clinical use of 

coumarin anticoagulants fluctuating pharmacological responsiveness is encountered 

frequently, to the extent that the patient’s altered responsiveness is secondary to stimulation 

or inhibition o f  hepatic drug-metabolising enzymes (Lewis et al. 1973).

Enzyme induction/inhibition is a major potential source o f drug interactions with any o f  the 

oral anticoagulants. Table 1.5 details some o f the more commonly interacting drugs with 

warfarin but this table is not exhaustive. Another potential site for a drug interaction with 

warfarin is competitive binding for binding site on albumin and other plasma proteins e.g. 

non-steroidal anti-inflammatory compounds (Lewis et al. 1973; Shepherd et al. 1978; 

Mungall et al. 1995; Brigden 1996; Adams 1998; Hirsh et al. 1998; Beckley 1999; Stockley 

1999; Haase et al. 2000).
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Table 1.5 Enzyme inducing/inhibiting drug interactions with warfarin

Drug inhibiting liver enzymes Drug inducing liver enzymes

a) Cimetidine a) Barbiturates

b) Omeprazole b) Rifampicin

c) Phenylbutazone c) Griseofulvin

d) Amiodarone, Quinidine d) Carbamazepine

e) Metronidazole, Erythromycin, 

Clarithromycin, Ciprofloxacin, 

Chloramphenicol, Disulfiram

e) Alcohol (chronic ingestion)

i) Fluconazole, Itraconazole

g) Fluoxetine, Sertraline, Paroxetine

h) Allopurinol

i) Alcohol (acute ingestion)

The effect of herbal medicines on oral anticoagulants has also been investigated. In 1995 

Chan and co-workers investigated the effect of Danshen (a traditional Chinese herbal 

product) on warfarin enantiomers in rats. The results indicated that Danshen could increase 

the absorption rate constant, the area under plasma concentration-time curve, maximum 

concentrations and elimination half-lives of both isomers, but decreases the clearances and 

apparent volume of distribution of both R- and S- warfarin (Chan et al. 1995).

Janetzky and co-workers in 1997 reported the possible interaction between warfarin and 

ginseng, although research conducted by Zhu and colleagues in 1999, contradicts this earlier 

report as they showed that in rats the co-administration of ginseng had no significant impact 

on warfarin pharmacokinetic/dynamic properties (Janetzky et al. 1997; Zhu et a l 1999). 

Other herbal product that have been reported to interact with warfarin are ginkgo, garlic 

and dong qual (Fugh-Breman 2000)

1.6.5 Concurrent Disease States

“Thyroid hormones appear to increase catabolism of vitamin K-dependent clotting factors” 

(Loken et al. 1992). Therefore, making patients more sensitive to the effects of warfarin. 

“Patients with hypothyroidism are usually resistant to warfarin and require larger doses to 

achieve therapeutic levels of anticoagulation. Subsequent thyroid replacement therapy in
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such patients increases clotting factor catabolism without affecting clotting factor synthesis 

suppressed by warfarin, resulting in increased PTs and possible bleeding. Four to 6 weeks 

is required to reach a steady state after adjusting thyroid drugs” (Loken et al. 1992).

1.6.6 Patient Education/Counselling and Compliance

Duxbury in 1982 identified patient non-compliance as a potential cause of non-stability in 

patients that had been previously well controlled (Duxbury 1982). Other potential factors 

affecting a patient’s response, not only to anticoagulant therapy but also to all drug therapy, 

is the patient’s understanding of the disease/medication and also their adherence to the 

guidelines/instructions provided by the prescriber. Counselling the patient with respect to 

their warfarin therapy has resulted in statistically significant improvements in their 

knowledge. Group counselling sessions have been shown to be cost effective and have also 

stimulated greater patient interest in their own treatment (Li et al. 1997).

Howard and colleagues documented patient’s compliance with their prescribed 

anticoagulant therapy in 1981 to be as high as 90% amongst prosthetic heart valve patients. 

An explanation for this finding was “the nature of the anticoagulant routine in the clinic may 

play an important role in enhancing the compliance of the cohort. Patients are required as 

part of their therapy to visit the clinic at monthly intervals at which time various blood tests, 

including estimations of FT, are performed and the results conveyed to the patient. This 

constant monitoring of the efficacy of treatment may be an incentive which fosters 

compliant behaviour” (Howard et al. 1981).

Brigden in 1996 remarked “poor compliance, even when only modestly erratic, is the most 

common reason for unexpected marked oscillations in anticoagulant control. It may seem 

logical to expect anticoagulation to be uniformly below range when a patient fails to take 

warfarin. However, a patient may miss several doses so that the INR registers below the 

therapeutic range. When the dose is subsequently increased the individual may become fiilly 

compliant at an increased dosage, and the INR will then measure above the therapeutic 

range” (Brigden 1996). Similarly, Amsten and co-workers stated, “good patient 

compliance is necessary to safely realize the benefits of anticoagulation” (Amsten et al. 

1997). The results of their study found that non-compliant patients were more likely to be 

younger (mean 53.7 years vs. 68.7 years, p<0.001), male (odds ratio 3.5) and non-white
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and were less likely to have experienced a stroke or transient ischaemic attack”(Amsten et 

al. 1997).

Patient counselling also influences a patients’ compliance and interestingly Carroll in 1985 

reviewed the literature and commented that between 26% and 55% of the population say 

they would pay for counselling services by their community pharmacist, when the 

information presented was tailored to the individual’s needs and was provided in a private 

or semi-private setting (Carroll 1985).

1.7 Side effects

Warfarin is the most commonly used oral anticoagulant internationally (AnseU et al. 1996). 

It is the only oral anticoagulant licensed in the Rep. o f Ireland and is highly effective in 

preventing thromboembolic diseases. Careful monitoring o f its pharmacological effect on a 

patient is crucial to ensure its potential adverse effects i.e. haemorrhagic and embolic effects 

are avoided. Between 1990 and 2000, there have been 60 adverse drug reactions reported 

to the Irish Medicines Board. Thirty five (58.3%) o f these were associated with an 

increased prothrombin time (PT)/Intemational Normalised Ratio (INR) or a haemorrhagic 

event and one (1.7%) of these events resulted in the death o f a patient (Irish Medicines 

Board 2001).

Dermehy and associates defined a drug related illness (DRI) as one caused by inappropriate 

prescribing, patient non-compliance, an adverse drug reaction (ADR) or a drug interaction 

(Dermehy et al. 1996). They examined the incidence o f DRI during October 1994 in their 

Emergency Department. Non-compliance, inappropriate prescribing and ADRs accounted 

for 58%, 32% and 10% o f the DRIs respectively and the drugs most commonly involved 

were salbutamol (10%), insulin (8%), warfarin (8%) and phenytoin (6%). Thirty three 

(66%) of the DRIs were considered to have been preventable; these DRIs accounted for 

$391,342 in annual emergency department and hospital costs (Dermehy et al. 1996).

Similarly, thromboembolic diseases are common medical conditions, which, if untreated, are 

associated with a significant risk o f morbidity and mortality. Treatment with anticoagulant 

therapy, while clearly beneficial, may expose patients to potentially serious side effects. A

24



Chapter 1

thoughtful risk-benefit assessment is therefore crucial before initiating therapy (Harrington 

et al. 1991).

Oral anticoagulant drug therapy can be associated with haemorrhage and, therefore, careful 

monitoring o f the patient is essential throughout the treatment period, be it short or long

term therapy. The aim o f optimal anticoagulant therapy is:

a) To induce a smooth anticoagulant effect without exposing the patient to the risk 

o f any side effects e.g. haemorrhage.

b) To try and maintain the INR within the therapeutic range for the duration o f the 

treatment period (Shetty et al. 1991).

Rosendaal and co-workers describes the side effect profile o f anticoagulant therapy to be a 

U-shaped distribution i.e. risk o f cerebral embolism and infarction increases with lower 

intensities o f anticoagulation, whereas the risk o f cerebral bleeding and haemorrhaging 

increases with higher intensities (Rosendaal et al. 1993; O’Connell et al. 1996).

A significant haemorrhagic complication was defined by Forfar as “one in which a patient 

sought medical advice and received treatment” (Forfar 1979). Similarly, this same paper 

reported, “the maintenance o f the prothrombin ratio within the therapeutic range does not 

necessarily prevent haemorrhage, but protects against life-threatening haemorrhagic events” 

(Forfar in 1979). Galdman et al. documented in 1995 that the risks of bleeding whilst on 

warfarin rises with INR and several articles have reported that an INR > 5.0 is associated 

with an increased likelihood o f a haemorrhagic event occurring, and INR measurements 

below 2.0 have been associated with an increased risk o f thrombotic events (Fihn et al. 

1993; Ansell et al. 1997; British Society o f Haematology 1998; Hirsh et al. 1998).

A clinic audit conducted by Gottlieb and associates compared their practice, to two large 

clinical trials and reported that “the annual stroke and major bleeding rates in their practice 

patients were not significantly different from the clinical trial (1.3% and 0.6% respectively) 

and the annual minor bleeding rate o f 13.6% at their practice was greater than those o f the 

two large trials (7.8% to 8.4% and 12.7 to 13.7%) (Gottlieb et al. 1994).

25



Chapter I

Schulman and associates reported that “oral anticoagulants cause more deaths than any 

other medicine, and were involved in 26 of 58 reports to the Swedish Adverse Drug 

Reactions Advisory Committee of fatal side-eflfects in 1990” (Schulman et al. 1994). Other 

side effects reported with warfarin include skin necrosis, diarrhoea, jaundice, hepatic 

dysfunction, nausea and vomiting. Cole and colleagues in 1988 stated, “the most common 

adverse reaction associated with the use of coumarin is a haemorrhagic condition secondary 

to the depression of the vitamin K-dependent clotting factors (II, VII, IX and X). A rare 

complication of oral anticoagulation therapy is necrosis of skin and soft tissue. Although 

the cause is unknown, the morbidity is high and mortality has been documented” (Cole et 

al. 1988).

Levine and colleagues in 1989, reviewed literature on long-term anticoagulant therapy and 

where possible, calculated the relevant risk of bleeding associated with such therapy. “For 

ischaemic cerebrovascular disease, major bleeding rates range from 2 to 22 per 100 patient 

years and fatal bleeding from 2 to 9 per 100 patient years. In patients with prosthetic heart 

valves, major bleeding was 0.8 per 100 patient years in two studies. In MI patients, major 

bleeding rates ranged from 0 to 7.7 per 100 patient years and fatal bleeding from 0 to 1.0 

per 100 patient years (Levine et al. 1989). The definition of major/minor bleeding used by 

Levine and colleagues in this study were as follows:

a) Major bleeding “if they were intracranial or retroperitoneal or if they led directly 

to death, hospitaUsation or transftision”.

b) Minor bleeding “all other bleeding (including some GI bleeds and most epistaxis, 

haematuria, ecchymosis and haemoptysis)”.

1.8 Summary

It is obvious from the information detailed above that the decision facing a prescribing 

physician to initiate or aher a patient’s anticoagulant therapy is daunting. Many factors 

affect a patient’s response to warfarin including age, diet, concurrent diseases and 

interacting medication. AH of these factors may lead to a loss/decrease in a patient’s 

anticoagulant therapy (control). Exposing patients to an increased risk of thrombosis, or 

over anticoagulation may lead to a risk of severe haemorrhage. Therefore, the possibility of 

trying to improve and monitor the care already received by patients undergoing such 

treatments exists.
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2 Chapter Two

Monitoring and Current Practice regarding Oral 

Anticoagulant Therapy

2.1 Monitoring AnticoagulantAVarfarin Therapy

2.1.1 Background

The third edition o f the British Society o f Haematology Guidelines 1998 on oral 

anticoagulant therapy states “extensive audit indicates that only 50% of INR measurements 

in a population o f patients taking warfarin are usually within therapeutic INR range at any 

given time i.e. within 0.5 INR units o f the target, whereas 80% are within 0.75 INR units of 

the target” (British Society o f Haematology 1998). Sowter and co-workers found that 

anticoagulation difficulties experienced by a quarter o f their study patients (n=100) in a UK 

teaching hospital, resulted in 68 additional inpatient hospital days o f treatment (Sowter et 

al. 1997).

Traditionally the intensity o f a patient’s anticoagulant status was monitored by their 

prothrombin time ratio (PTR) measurement. This measures the patient’s plasma clotting 

properties in relation to the clotting properties o f  a control/normal sample using a suitable 

source o f thromboplastin and calcium. The time taken for a clot to form when a specific 

thromboplastin preparation is added to the test sample is known as the patient’s PT. The 

PTR of a patient is calculated using Equation 2.1 below. Duxbury in 1982 deemed this 

measurement to be a “real danger”, owing to the variable sensitivities o f thromboplastin 

reagents to the different vitamin K dependent coagulation factors (i.e. factors II, VII, IX, X) 

and the least sensitive would result in large inaccuracies in the determination o f the response 

to a patient’s dosage (Routledge et al. 1979; Bowman et al. 1980; Duxbury 1982; Drugs 

and Therapeutics Bulletin 1992; Poller et al. 1993; Brigden 1996).

PTR = Patient’s PT / Normal (Control) PT Equation 2.1

During the early 1980s the World Health Organisation (WHO) suggested the establishment 

of an internationally standardised method o f reporting/monitoring a patient’s anticoagulant 

status. This measurement is now widely used and is referred to as a patient’s INR. The
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INR value is calculated using the formula in Equation 2.2, where ISI stands for a 

thromboplastin’s international sensitivity index (ISI).

INR = PTR‘̂ ’ or Equation 2.2

INR = (Patient’s PT / Normal (Control) PT)‘̂ '

The ISI is calculated by calibrating the particular thromboplastin reagent against the WHO 

primary International Reference Preparation (IRP) or against the Manchester comparative 

reagent. “According to the recommended procedure the ISI is obtained by calibrating the 

working thromboplastin with the manual (tilt-tube) technique or by means of an unspecified 

semiautomatic coagulation end-point reading machine against the International Reference 

Preparation” (Chantarangkul et al. 1992). Therefore, a patient’s INR measurement is the 

ratio o f the patient’s prothrombin time to the mean normal prothrombin time when using the 

primary international reference preparation (Kirkwood 1983; Loeliger et al. 1985). The 

WHO thromboplastin and the Manchester comparative reagent are among the most 

sensitive thromboplastins and have an ISI value o f 1. If a thromboplastin with an ISI o f 1 is 

used then the PTR equals the INR (Vanscoy et al. 1991; Britt et al. 1992; Bussey et al. 

1992; Chantarangkul et al. 1992; Kitchen et al. 1994; Brigden 1996).

Poller and associates in 1993 described the basis upon which the calibration o f local and 

commercial thromboplastins in terms of the WHO first primary IRP is calculated and stated 

that the sensitivity o f the thromboplastin reagent was dependent upon it’s source e.g. “the 

present collaborative study shows that significantly higher INR results were obtained with 

the WHO plain rabbit IRP compared with the human plain” and they concluded by 

observing that the precision o f the INR is partly dependent on the ISI and that the lower the 

ISI the greater the precision o f the INR (Poggio et al. 1989; Tabemer et al. 1989; Kazama 

et al. 1990; Braun e? a/. 1992; Poller o/. 1993; Kitchen a/. 1994; Preston 1995; Lind e/ 

al. 1997).

Several studies have been undertaken to examine the magnitude o f the interaction between a 

thromboplastin, the coagulometer used and the precisions o f the INR demonstrated. These 

studies showed that the INR measurement was dependent upon the ISI o f the specific 

thromboplastin reagent in use and that the INR measurement could vary depending upon
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the coagulometer used (Poggio et al. 1989, Tabemer et al. 1989; Ray et al. 1990; Poller et 

al. 1993 and Pi et al. 1995). Kitchen and associates also noticed variability in INK values 

obtained from differing combinations o f thromboplastins with some instruments and that 

‘̂ he differences between INRs measured with the thromboplastins studied here are 

sufficiently great to influence patient management through warfarin dosage schedules, 

particularly in the upper therapeutic range i.e. 3.0-4.5 INR units” (Kitchen et al. 1994).

As a result o f these findings thromboplastin manufacturers are now reporting coagulometer 

and thromboplastin specific 1ST values (van Rijn et al. 1988; Poggio et al. 1989; Kazama et 

al. 1990). Manufacturers and control laboratories issue thromboplastins that have abeady 

been calibrated against the specified international standard and this calibration process not 

only accounts for variability in the thromboplastin but also for variability that may occur 

when the same thromboplastin is used in different machines. A study published by Force 

and associates documented that laboratories in the USA revealed wide variability in the 

sensitivities o f thromboplastins that they used, these reagents’ ISI values varied from 1.2 to 

2.8. They also stated that “by using the INR, the level o f anticoagulation is standardized 

and potentially dangerous dosage changes may be avoided” (Force et al. 1992).

2.1.2 Initial M onitoring

Normally a patient’s PT and INR is measured prior to the commencement o f anticoagulant 

therapy for several reasons:

1. As a mode o f seeing if the patient has any pre-existing coagulant disorder,

2. To evaluate the effect, if any, that concurrent heparin therapy may have on the 

patient’s PT and

3. To establish the patient's base line individual PT value to determine the 

therapeutic end point o f anticoagulant therapy.

The INR should be monitored every 24 - 48 hours after warfarin is initiated, until the INR 

has stabilised i.e. the PT/INR measurements have been stable for 2/3 consecutive days with 

the same dose o f warfarin. Small changes may then be made in the therapy dose so as not 

to drastically affect the INR levels. The length of time between measuring a patient’s INR 

is then increased to weekly, fortnightly, 3 weekly, monthly and up to 12 weekly for
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stabilised patients on long term anticoagulant therapy (John et al. 1990; British Society of 

Haematology 1998).

2.1.3 Reporting a patient’s PT as an INR measurement

Bussey and colleagues in 1992 reported that “although the 1985 recommendations of the 

International Committee for Standardization in Haematology and the International 

Committee on Thrombosis and Haemostasis caUed for INRs to be used clinically and in all 

publications regarding oral anticoagulation, this is not the current practice” (Bussey et al. 

1992). A survey conducted by Bussey and colleagues in the USA found that only 21% of 

hospital laboratories surveyed reported INR values. They also reported that the 

thromboplastins used in determining patient’s INR values varied in their sensitivity i.e. the 

ISI values ranged from 2.2 to 2.6 (Bussey et al. 1992). A similar survey carried out by 

Ansell in the same year in 88 hospitals in the Massachusetts area of USA found that 99% of 

hospitals still reported PT without corresponding INR values and that the ISI of the 

thromboplastins used varied from 1.89 to 2.74. He also found that close on 70% of 

laboratory supervisors had little or no understanding of the significance of the ISI or INR 

values (Ansell 1992). The thromboplastin used in the Laboratory Department of AMNCH 

is a recombinant thromboplastin with an ISI value of 1.0 (O’Connor 1998).

I’he advantages of the INR reporting system over solely reporting a patient’s PT/PTR have 

also been well documented and Brigden in 1991 stated, “once effective anticoagulation has 

been achieved, INR reporting offers a number of advantages:

1. Regulation of anticoagulation therapy is consistent,

2. Patients who travel can obtain accurate comparisons from laboratories using 

different thromboplastins,

3. Anticoagulant therapy in clinical trials and reporting in scientific publications can be 

standardized and

4. Risk of bleeding or thrombotic complications is decreased because of better control” 

(Brigden 1996).

2.2 Anticoagulant Clinic’s versus Routine Medical Care

Bussey and colleagues in their review of the literature stated that three of the four INR- 

based studies found that the use of anticoagulant clinics reduced the complication rates
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experienced by patients by 70%-90%. They also reviewed 15 other studies but concluded 

that the findings o f these studies could not be accurately assessed in relation to the impact 

o f an anticoagulant clinic because in these studies patients PTs were not reported as INR 

values i.e. they were not standardised with respect to the sensitivity o f the different 

thromboplastin reagents. Bussey and colleagues also found in their own study that the 

management o f patients in an anticoagulant clinic (AC) reduced complication rates, 

hospitalisation and emergency room visits by 65%-80% and they equated this reduction to 

approximately $1200 per patient per year o f treatment (Bussey et al. 1996).

Chiquette and associates in their review o f previously published work stated that in fact, 

descriptive reports o f 9 anticoagulant clinics and 3 medical care groups together with 7 

comparative trials, indicate that AC can reduce the annual major bleeding rate ranging irom 

5% to 28% in usual medical care groups, to 6% or less in anticoagulant care groups. Firm 

conclusions however cannot be based on descriptive reports and the comparative trials had 

flawed study design or sample size limitations. They concluded their study by saying that 

patients who were treated in an AC spent more time in their desired therapeutic INR range 

and less time under or over anticoagulated than the patients managed in their usual medical 

care groups i.e. not in an AC service (Chiquette et al. 1998). They also found that the AC 

group had lower rates o f significant bleeding, major fatal bleeding and thromboembolic 

events. Significantly lower hospitalisations and emergency room visits associated with 

warfarinisation were reported by the AC group and these reduced visits reduced health care 

costs by $132,086 per 100 patients per year, practically identical to the cost savings 

identified by Bussey et al. 1996. They also observed lower rates o f warfarin unrelated 

emergency room visits equivalent to a cost savings o f $299.72 per patient per year 

(Chiquette et al. 1998).

2.3 Ongoing Audits of Anticoagulant Services/Therapeutic Control

Much literature has been published in the last decade regarding various methods by which 

the performance of an anticoagulant service can be audited. One such method is the length 

o f time patients spend within their desired therapeutic INR ranges. This measurement 

enables clinics to audit their performances continually i.e. daily, weekly, monthly or 

annually. Rosendaal and colleagues documented two means by which this measurement 

could be calculated and these are based on the assumption that a patients INR value
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between two measurements will vary linearly (Rosendaal et al. 1993). This assumption 

enables one to assign the length of time a patient spends between two INR values in two 

different ways:

1. To divide the time between the two measurements equally, or

2. To divide the length of time between the two measurements into days, each day can 

be assigned a small increment of the INR increase or decrease.

The latter method is more accurate as it accounts for a gradual increase/decrease between 

patients’ INR measurements. The length of time (i.e. days) a patient spends within/outside 

their desired therapeutic range can then be calculated. The total number of days can be 

converted to treatment years/patient treatment years, or can be expressed as a percentage of 

the total audit time.

This method of auditing AC services has been used extensively and the length of time 

patients spent within their desired anticoagulant ranges has been reported to vary widely. 

Gottlieb and associates compared the findings of clinical trials to the actual practice in their 

AC service and their findings were as follows: “routine monitoring intervals were on 

average 15 days greater than those reported in the trials and the PTR was in the target 

range on 50% of days” (Gottlieb et al. 1994).

Duxbury reported a higher percentage of satisfactory INR measurements i.e.70%, although 

his definition of a satisfactory reading was one that was within 0.2 INR units of the upper 

and lower limits of the patient’s desired therapeutic range i.e. an INR range of 1.8 -3.2 

instead of 2.0 -  3.0 (Duxbury 1982). On the other hand his short-term anticoagulated 

group i.e. 12 weeks of treatment, only achieved 50% satisfactory INR readings similar to 

those reported by other researchers (Colwell et al. 1990). Taylor and colleagues found 

similar results i.e. only 50% of clinic attendees spend more than half the time within 

therapeutic limits (Taylor et al. 1996).

Copplestone and co-worker reported a higher percentage of therapeutic INR measurement 

(i.e. 85%) over a 1 year period in two anticoagulant clinics, although the therapeutic range 

used in their study was 2.0 -  4.0 INR units. They also noticed that patients on long-term 

therapy had better control than those on shorter treatment (Copplestone et al. 1984).
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Similarly, Howard and associates reported high percentages of therapeutic INR 

measurements i.e. 88%, although in this study again the wider INR range of 2.0 -  4.0 was 

used. They also suggested that a 3-monthly follow-up for patients constantly attending 

anticoagulant clinics would be feasible (Howard et al. in 1986).

Schulman and associates documented that the average percentage of INR tests within their 

desired therapeutic range in Swedish hospitals was 58%. They reported that the variance 

between the hospitals was skewed, ranging from 57% to 74%. They also found that 

patients over the age of 50 years were more effectively anticoagulated than those between 

the ages of 19-49 and that patients who were referred to satellite laboratories for PT testing 

and management were not as effectively treated as those treated in specialized clinics 

(Schulman e/fl/. in 1994).

Doble and associates monitored the anticoagulation control of patients in a London hospital 

and only 47% of the INR readings were within therapeutic range. Another finding from this 

study was that only 18% of junior doctors were aware of the recommended INR range of 

2.0-3.0 INR units for the treatment of DVT/PE (Doble et al. 1987). The majority of the 

other doctors were aiming for desired therapeutic values between 1.5 and 4.5 INR units. 

They identified education of medical staff as a necessity before any improvement in patient’s 

anticoagulant control could be reassessed. Rose in 1996 found similar findings from a 

survey of consultant haematologists in 22 districts (West Midlands, UK) during 1993 i.e. 

only 4 districts (18%) used the British Society of Haematology Guidelines (1990) regarding 

anticoagulant ranges when treating their patients. McCormack and colleagues reported 

similar findings when they reviewed patients’ and junior doctors’ knowledge of warfarin 

therapy in Naas General Hospital, Co. Kildare Rep. of Ireland (McCormack et al. 1997). 

They found that 14% and 49% of their study patients considered aspirin and alcohol, 

respectively, to be safe when taken concurrently with warfarin. They also found that only 

37% of the patients knew all the colours and strengths of their warfarin tablets, whereas 

only 10% of the junior doctors managing the AC knew the correct strength and colours of 

the three-warfarin strengths. No Irish guidelines regarding anticoagulation exist and the 

Consultant Haematologist in AMNCH considered that Irish physicians would follow the 

guidelines issued by the British Society of Haematology (Enright 1998).
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2.4 Role of the Pharmacist in Hospital Outpatient Clinics

The first mention of a pharmacist being involved in an American AC was by Reinders and 

associates in 1979. They described a pharmacist-managed anticoagulant clinic for 

ambulatory patients concentrating on the “pharmaceutical services provided by the clinic as 

contributing to the problem-orientated medical record, patient education, therapeutic 

response monitoring, drug information, drug distribution and in-service education” 

(Reinders et al. 1979). Over the next decade, a large volume o f research literature was 

published documenting the role o f an anticoagulant pharmacist and several articles similar to 

Cohen and colleagues, were published. These articles documented a pharmacist’s 

performance compared to routine medical care, which previously was the norm - “the trend 

was for patients in the pharmacist-managed clinic to show better PT control” (Cohen et al. 

1985).

In recent years pharmacist run/managed AC are becoming more common within secondary 

and primary care facilities. Gardner and co-workers described the establishment o f a 

pharmacy clinic to provide consultation and services to practitioners and patients in 

ambulatory care (i.e. not AC) and stated that “hospital outpatient facilities serve as the 

source o f health care for an estimated 20% o f the general population and the advantages of 

a pharmacy clinic are several: the staff7patients are assured that the pharmacist is available 

for consultation on drug therapy problems and drug information; it is an organised approach 

to providing consultations” (Gardner et al. 1978). Similarly Monson and associates 

investigated the role o f a clinical pharmacist in relation to improving medical records and 

patient compliance regarding their outpatient drug regimes. A 6 month analysis found that 

the pharmacist significantly improved drug documentation, decreased the duplication o f 

prescriptions and improved patient compliance with prescribed medication (Monson et al. 

1981). Both o f these studies illustrated that a pharmacist working within a clinic can 

influence positively the prescribing physician and also the behaviour o f the patient.

Garabedian-Ruffalo and colleagues in 1985 examined the effectiveness o f a pharmacist- 

managed anticoagulation clinic in maintaining therapeutic PT and preventing hospitalisation 

secondary to poor PT control. They found that “the warfarin anticoagulant clinic staffed by 

specially trained pharmacists provided improved therapy compared with treatment received 

by patients before their referral to the clinic” and that there was a significant difference
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between (1) the number of patients requiring hospitalisation and (2) the number of patients 

whose INR was outside the target before the clinic was started and 

afterwards”(Garabedian-RuflFalo et al. 1985). A cost-benefit evaluation conducted by these 

authors subsequently demonstrated that the pharmacist-managed anticoagulant clinic 

resulted in marked cost avoidance by reducing the complications and hospitalizations. The 

rate o f hospitalization was 3.2 days per patient-treatment year in the control group and 0.05 

in the study group i.e. pharmacist-managed group. The net savings in hospitalization was 

estimated to be $211,776 per year in the pharmacist-managed group” (Garabedian-Ruffalo 

etal. 1985).

Patient anticoagulant care has continued to improve and Foss and colleagues in 1999 

described the management in their pharmacist-managed anticoagulant clinic in which “at any 

point m time, approximately 67% of clinic patients are in the therapeutic range, 13% are 

above range and 20% are below range” and that “the goal of the clinic is to make 

anticoagulation therapy safer for these patients by encouraging them to assume more 

responsibility for their care” (Foss et al. 1999^. Booth in 1998 stated “the objectives of a 

pharmacy managed clinic were to monitor patients safely, anticipate and prevent changes in 

control, educate patients, conduct research in anticoagulation and teach other pharmacists 

and students” (Booth 1998).

During the 1990s the number of pharmacists involved in ambulatory care clinics within 

American Veteran Hospitals expanded and in 1998 Alsuwaidan and colleagues, documented 

that 75% of the clinics surveyed had a pharmacist involved and “the highest pharmacist 

coverage was in walk-in refill, therapeutic drug monitoring and anticoagulant clinics” 

(Alsuwaidan et al. 1998). Clinical pharmacists at 68% of Veteran Affairs Medical Centres 

had prescribing privileges in ambulatory care clinics and clinical pharmacists managed 

29.9% of the clinics. They also reported that 82.6% of the anticoagulant clinics surveyed 

were under the management of a pharmacist. This article also clearly demonstrated that a 

large proportion of pharmacists working in Veteran Affairs Medical Centres had prescribing 

privileges (Alsuwaidan e/a/. 1998).

In recent times the effective management of anticoagulant patients by pharmacists in 

outpatient department (OPD) clinics has resulted in pharmacists managing inpatient
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anticoagulant therapy also. Ellis and colleagues clearly demonstrated that inpatient 

anticoagulant therapy managed by a pharmacist was 5.4 times more likely to have 

therapeutic PT/INR values at their initial follow-up outpatient appointment, than patients 

managed by junior doctors. These patients’ PT/INR upon discharge was also significantly 

improved compared with patients discharged prior to the study (Ellis et al. 1992). Dager 

and colleagues found that inpatients whose warfarin therapy was monitored by a pharmacist 

resulted in decreased length of hospital stays for patients (6.8 ± 4.4 vs. 9.8 ± 5.6 days (p = 

0.009) (Dager et al. 2000). Lee in 1996 reported that patients under the care of the 

anticoagulant clinic pharmacist had fewer warfarin-related hospital readmissions than 

control patients (i.e. 3 vs. 10 respectively) (Lee et al. in 1996). A second extension of the 

OPD anticoagulant pharmacist’s role has been undertaken by Sunderland Royal Hospitals, 

England. Tliis group of hospitals in 1998 established 3 anticoagulant clinics in community 

pharmacies in order to move patient care/management closer to the patients (Editorial PJ, 

1998).

The pharmacy profession is moving towards a more patient-oriented clinical role and the 

ASHP statement in 1998 stated that a pharmacist’s role in any anticoagulant clinic was “to 

optimise the safety and effectiveness of long-term oral anticoagulant therapy and the 

pharmacist should take an active role educating and monitoring patients. Patients should be 

adequately counselled on the fiill range of issues pertaining to anticoagulation such as the 

indication, laboratory test results, the need for close medical supervision, signs and 

symptoms of bleeding or thromboembolic complications, dietary, drug and alcohol 

interactions” (ASHP 1998). Prior to this statement an article by Borgsdorf and associates 

showed that on average 64.9% of the medicines reviewed by pharmacists each month were 

problematic and in total 836 patients were seen during the first 23 months of the pharmacist 

managed medication review clinic. They also demonstrated a reduction in the number of 

unscheduled physician visits, urgent care visits, emergency room visits and hospital days 

resulting from inappropriately prescribed medication and calculated a saving of $644 per 

patient per year (Borgsdorf et al. 1994).

In their 1999 statement the ASHP acknowledged these extended roles for pharmacists in 

relation to the provision of pharmaceutical care to patients. Anticoagulant therapy is 

specifically mentioned as an area within which a pharmacist can have a positive impact upon
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patient care/quality of life (ASHP, 1999). Taylor and colleagues in 1998 stated that “these 

clinics provide an environment in which the pharmacist is able to focus on anticoagulation 

management typically educating patients, interpreting laboratory results, adjusting warfarin 

dosages, monitoring for drug-drug, drug-food and drug-disease interactions and for adverse 

events” and the main findings fi-om their controlled study was that “physician-managed 

patients were 20 times more likely to experience an adverse event related to anticoagulation 

than pharmacist managed patients” (Taylor et al. 1998). They also observed that the 

pharmacist-managed patients were able to achieve therapeutic anticoagulation 59% of the 

time, whereas physician-managed patients only achieved therapeutic anticoagulation for 

36% of the time (Taylor et al. 1998).

The developing role of the phannacist has also led to debate regarding a pharmacist 

prescribing/dose adjusting. Galt in 1995 stated, “a profession who prescribes dependently 

receives delegated authority irom an independent prescriber. Dependent authority implies 

shared responsibility based on the premise that the physician who delegates prescribing 

privileges is confident in the professional judgement and skUl of the individual receiving the 

delegated authority” (Galt 1995).

Colwell and associates in the old Adelaide hospital in 1990 documented that junior doctors 

and patients’ knowledge regarding anticoagulant therapy was poor (Colwell et al. 1990). 

Subsequently the Pharmacy Department of the Adelaide Hospital became involved in the 

design and content of the Clinic’s Anticoagulant booklet. A pharmacist then became 

involved in the daily running of the clinic primarily to educate patients regarding their 

anticoagulant therapy and to provide drug information to patients and non-consultant 

hospital doctors (NCHDs). During this period a computerised anticoagulant software 

management package called Magic® was purchased and maintained by the pharmacist. This 

package was purely used to record patient’s demographics and INR measurements. At no 

time was it used for dosing patients although the facility did exist in the package (Tully 

1996). During this same period, as previously documented, extensive research was being 

undertaken to assess and evaluate pharmacists’ performance in managing anticoagulant 

patients in the UK and USA.
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2.5 Primary Care verses Secondary Care Anticoagulant Clinics

In tht past few years primary care anticoagulant clinics have been established and the 

management o f these clinics has been the sole responsibility o f a general practitioner (GP) 

or a )harmacist/nurse with medical backup. The establishment o f specific AC services 

withir GPs practices has been slow, with most GPs opting to monitor patients’ 

anticoigulant therapy during their regular surgery hours, whereas pharmacist/nurse led 

clinicf involved the establishment o f specific clinic hours solely dedicated to patients 

receivng oral anticoagulant therapy. A survey conducted by Baglin in 1998 reported that 

“if all patients were to attend hospital based anticoagulant clinics the number o f clinics 

wouk have to increase 5 to 10 fold” (Baglin 1998) and with increasing numbers o f patients 

requirng long-term anticoagulation, new care plans involving various degrees o f 

decenralisation will have to be considered.

2.5.1 General Practitioner Managed Clinics

Extersive research has taken place in Northern England and Scotland regarding the benefits 

o f an \C  service compared to routine medical care. Pell and co-worker in 1994 studied the 

proviaon o f  anticoagulant services in two areas o f Scotland (one rural and one urban). 

They stated the “lack o f access to hospital clinics in Lothian (Scotland) Health Board 

resultd in more GP practices reporting taking sole responsibility for anticoagulant control 

than ii Fife where there was access (69.2% vs. 29.8%, p<0.001)” (Pell et al. 1994). Pell 

and asociates also documented that 56.5% o f GP practices took complete responsibility for 

anticagulant control, but “only 21.5% of GPs believed that anticoagulant control should be 

their ;ole responsibility” (Pell et al. 1994). Generally, GPs felt they should monitor 

patiens’ anticoagulant therapy, but that patients should be referred to a hospital AC when 

contrtl was problematic and 25 (14%) of GPs felt anticoagulant control should be the sole 

respoisibility o f the hospital. “In 82.5% of practices nurses assisted with venepuncture and 

in 133%, patients were reviewed solely by a nurse, although dosage adjustments were 

invaribly initiated by a doctor. Only 4.0% of practices had a dedicated anticoagulant 

sessia” (PeU et al. 1994). “Although 93.2% o f practices applied some form of protocol on 

targei ranges, only 30.5% used the British Society o f Haematology Guidelines” (Pell et al. 

1994 “The establishment o f anticoagulant registers in all practices could facilitate both 

patier. management and audit, and computer assisted management may further enhance 

qualit' control” (Pell et al. 1994). Pell’s suggestion o f an anticoagulant register, to our
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knowledge, has not been established, although with the advent o f computerised medical 

records, such a register would be feasible.

Rodgers and associates in 1997 surveyed GPs and consultants in the Northern Regions of 

England who provided health care services to a population o f over three million. They 

found that “GPs were more involved in monitoring (78%) than initiating (32%) warfarin 

therapy and that only 3% held specific anticoagulant clinics in their practices” (Rodgers et 

al. 1997). GPs and consultants both felt that patients would prefer to have their 

anticoagulant therapy managed in a primary care setting, although the GPs felt that factors 

which would hinder their ability to manage such therapy were lack o f time (57%), delays in 

receiving laboratory results (40%), potential interaction with other medication (40%) and 

fear o f litigation (29%) (Rodgers et al. 1997).

“General Practice patients were reviewed significantly more fi'equently, with a median 

interval o f 16 days compared with 42 days for hospital patients (p<0.001). Twenty four 

percent o f general practice visits and 26% of hospital attendances resulted in alteration to 

the warfarin dosage. Overall, 52% of general practice thrombotest results lay within the 

ranges recommended by the British Society o f Haematology, compared with 45% of 

hospital results (p<0.001). Therefore, the anticoagulant control achieved by the patient in 

general practice was superior to that achieved by the hospital, although either control was 

far from ideal” (Pell et al. 1993). These findings were published by Pell and colleagues in 

1993 regarding the provision o f AC services to the greater Fife Health Board in Scotland. 

They also recognised that knowledge o f concomitant medical problems and medication is 

essential for the safe management o f anticoagulation and indicated that a patient’s GP is in 

the ideal position to assess these facts (Pell et al. 1993). Wilt and colleagues found that a 

GP monitored anticoagulant group (i.e. during routine surgery hours) were 20 times more 

likely to experience an adverse event than an AC monitored group o f patients in the USA. 

In addition, hospitalisation and emergency room charges calculated for the GP monitored 

patients amounted to $119,074.95 and the AC group demonstrated a potential cost 

avoidance o f $4,072.68 per patient-year o f follow up monitoring. WUt and colleagues 

concluded their paper by saying that “a pharmacist-managed anticoagulant monitoring 

service in a family practice setting can result in improved outcomes for patients receiving 

warfarin and is cost effective” (Wilt et al. 1995).
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Pell also estimated that major to fatal bleeding events were reduced by 59% and 

thromboembolic events by 72% for clinic managed patients and that “for every 100 patients 

enrolled in the clinic, the anticoagulant clinic reduced health care costs by a total o f at least 

$162,058.00 per year” (Pell et al. 1993). Similarly, Chiquette and associates reported that 

when their AC was compared with routine medical care, patients managed by the AC had 

more stable INR measurements and reduced risk o f complications (Chiquette et al. 1995).

GP managed care/operated clinics enable patients to be managed for long periods o f time by 

the same person, whereas many hospital clinics are often staffed by junior doctors in 

rotating posts, making consistent management difficult. On the other hand, hospital clinics 

provide patients with the expertise o f a specialised service in anticoagulation, similar to 

those provided by Cardiology and Endocrinology Departments.

2,5.2 Pharmacist Managed Primary Care Clinics

The involvement o f pharmacists in the management o f anticoagulant clinics has increased 

internationally during the last 20 years. Pharmacists receive specific training in 

pharmacology, pharmacokinetics and drug interactions all o f which have been shown to be 

very important in relation to anticoagulant management (Ansell et al. 1997). Currently, in 

Ireland no pharmacist is involved in the management o f patients’ anticoagulant therapy in a 

primary care clinic and Dublin’s South Inner City Anticoagulant project is the only primary 

care clinic with a nursing involvement but the nurses role does not include dose adjustment 

(Burke 1999).

Macgregor and associates reported that after establishing a pharmacist managed primary 

care AC within a GP’s practice in Scotland that at 6 month and 12 month follow up periods, 

their patients were within their target INR range ± 10% on 84% and 89% of occasions 

respectively. They also reported that the cost o f the service to ftind holding GPs in 

Scotland was less than what they had previously paid to their local hospitals and “surgery 

attendance cost less for 48% of patients and more for 4%. Travelling time was also 

reduced for 64% of patients and only increased for 20% (Radley et al. 1995; Macgregor et 

al. 1996; Hennessy et al. 2000).
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Holden and co-workers conducted an audit o f anticoagulant services in Northern England 

and found that the overall proportion o f INR estimations within the prescribed range is 

greater for the pharmacists than for GPs (0.7 ± 0.18, 0.6 ± 0.21, p = 0.03) and the interval 

between tests is longer for pharmacists compared with GPs (34.1 ± 12.3 days, 28.6 ± 8.65, 

days, p = 0.01) (Holden et al. 2000).

2.5.3 Self-monitoring

With the arrival o f near patient test PT/INR monitoring machines onto the market place in 

the last few years, the potential for anticoagulant patients to monitor/manage their own 

therapy has been examined. Initially the accuracy o f these machines was questioned but 

extensive research has shown the PT/INR determination to be comparable with laboratory 

detennined values once suitable quality control/assurance procedures are followed (Jennings 

et al. 1991). Several studies have shown that when patients monitor themselves and 

manage their own therapy at home, the frequency at which they carry out PT/INR tests 

increases as does their anticoagulant control (Anderson et al. 1993; Kapiotis et al. 1995; 

Yamreudeewong et al. 1996; Hasenkam et al. 1997; Editorial 1999; Pierce et al. 2000).

Sawicki in 1999 randomised patients to either a self-management or regular care group in 

Germany and after 3 and 6 months follow up periods, patients in the self-management 

group’s INR readings deviated less from their target values and were within their desired 

therapeutic ranges more often than the patients managed by physicians. They also evaluated 

patients’ quality o f life measurements and concluded that “patients treatments satisfaction 

scores, were significantly higher in the intervention group (i.e. self monitoring) compared 

with controls” (Sawicki 1999).

2.6 Warfarin Utilisation/Consumption

“In 1994 warfarin was the 5"’ most prescribed cardiovascular medication and the 13“’ most 

prescribed medication in the USA” (Ansell et al. 1996). In Ireland warfarin was listed as 

the 22"‘‘ most prescribed item on General Medical Service (GMS) prescriptions, occurring 

on 188,682 prescriptions during 1997 and it was listed as the 10'*' most prescribed medicine 

under the Drug Cost Subsidisation Scheme in the same year, occurring on 34,645 

prescriptions (GMS, 1997).
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The under-utilisation o f warfarin has been well documented in the literature, especially in 

the prevention o f stroke in elderly patients with atrial fibrillation (AF). Whittle and 

colleagues as recently as 1997 documented that approximately 36% o f patients with no 

obvious contra-indication to anticoagulation were not treated with warfarin (Whittle et al. 

1997). Mendelson and co-worker found that 51% of patients in the greater New York 

region with nonvalvular AF at high risk o f developing a stroke were not receiving 

anticoagulant therapy (Mendelson et al. in 1998). Sudlow and associated reported that only 

a third o f patients identified with atrial fibrillation in Northumberland (UK) were receiving 

appropriate anticoagulation (Sudlow et al. 1997).

Drug consumption statistics can be based on, for example, cost parameters or the number of 

packs sold. National and international comparisons made on the basis o f cost parameters 

are of limited value because o f varying prices and currency fluctuation between countries. 

The WHO adapted an international unit o f comparison (originally used by the Nordic 

countries) in order to avoid these difficulties. This unit is based on the assumption o f 

defined daily doses.

The defined daily dose (DDD) for a drug is chosen on the basis o f the pre defined average 

dosage for an adult per day, for its main indication. When calculating the consumption the 

yearly consumption levels o f the active substance expressed in common physical units 

(grams, kilos, litres) are divided by the DDD. Usually the sales are given in DDD per 1,000 

inhabitants per day. This is indicative o f how many people out o f 1,000 may receive a 

“standard” treatment daily. For instance, the consumption o f digoxin in Finland in 1987 

was 28.18 DDD/1,000 inhabitant/day, which means that on average 28.18 out o f 1,000 

people used 0.25mg o f Digoxin during that year (Finish Statistics on Medicine 1997). 

Although being able to compare drug utilisation figures internationally is important, such 

metiods also have some disadvantages i.e. an assumption is made that all drugs sold are 

comumed. Patient compliance with their dosage regimen may also vary and similarly some 

drugs are not taken on a continual basis by patients. With regard to warfarin patients, they 

are either taking warfarin for a specified length o f time or indefinitely i.e. long-term drug 

comumption is calculated for the entire population, while certain drugs are used more 

frequently by certain age groups and the population’s age distribution between different 

countries may also vary.
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In Scotland the prevalence of warfarin usage in a study carried out by Evans and colleagues 

estimated that 5 patients per 1,000 of the population were taking warfarin. Unfortunately 

though they did not correct their calculations taking into account a defined daily dosage, 

instead they just divided the total number of warfarin prescriptions in a month by the total 

Scottish population (Evans et al. 1997).

2.7 Computers in warfarin therapy

The role of computers to aid in the management of patients receiving anticoagulant therapy 

has become divided into two distinct categories. Firstly, the computerised software 

packages have being used solely to aid managers in the running of their clinics e.g. 

recording demographic details and appointments. Secondly, computerised records are 

maintained by some clinics regarding patients INR measurements and others use 

computerised aided dosage predictions systems in the management of their clinics. The 

latter two fiinctions of the computerised systems enable continuous audits of the clinics’ 

performance to be conducted relatively simply.

With the development of computer aided warfarin dosage software packages in the last 

decade much research has being carried out comparing the computer dosage predictions 

with the dosages suggested by the prescribing physician. Sun and associates in 1995 

compared the use of a computer dosage package to physicians in dosing 20 patients. They 

showed that physicians illustrated a statistically significant pattern of under dosing patients. 

Computer predictions tended to overdose patients but did not significantly increase the 

number of supra therapeutic INRs (2.55 vs. 1.95 supra therapeutic INR for the computer 

and physician respectively). They conclude by saying that “the most efficient clinical drug 

management results fi-om a combination of computer modelling and good clinical 

judgement” (Sun et al. 1995). The programme used by Sun and associates was a computer 

software programme consisting of warfarin pharmacokinetic and dynamic mathematical 

models.

Prior to this report in 1987, Carter and associates evaluated the use of an analogue 

computer programme (incorporating warfarin’s pharmacokinetic and dynamic parameters) 

when initiating warfarin therapy for hospital in-patients. They concluded that “the mean
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time to stabilisation was 6.8 days in the analogue computer group and 8.4 days in the 

empiric dosing group” and “for patients in the analogue computer group 95% o f PTs 

measured between the time o f the third warfarin dose and either stabilisation or hospital 

discharge were within the therapeutic range compared with 86.9% in the empiric dosing 

group” (Carter et al. 1987). A total o f 65 patients were evaluated by these two methods.

In 1998 the findings o f a multicentre randomised study o f computerised anticoagulant 

dosage management using the Dawn AC® anticoagulant software was published by the 

European Concerted Action on Anticoagulation. The study was carried out in the AC of 5 

European hospitals (Poller et al. 1998). They studied in total 254 patients and 122 patients 

were assigned to the computer generated dosage group and physicians in the traditional 

manner managed the remainder (n = 132). The findings fi'om the study were as follows:

1. Patients in the computer generated dosage group, achieved target INR values 

significantly more than the control group (p = 0.02),

2. The patients in the computer managed group experienced fewer dose changes than 

the physician managed group and

3. The length o f time that patients in the computer managed group spent in their 

desired INR ranges was longer than the physician managed group (63.3% vs. 

53.2%).

Their conclusion was that ‘1;he computer programme gave better INR control than the 

experienced medical staff’ (Poller et al. 1998). Dawn AC® calculates if a dosage alteration 

is required for each individual patient using predefined trend rules for each specific target 

INR range. It compares the actual patient’s measured INR value with the desired value 

before suggesting any dosage for a patient.

2.8 Summary

From the information presented above it is clear that the treatment o f patients on oral 

anticoagulants can be complex and is influenced by a wide number o f parameters. Rotating 

NCHDs and one pharmacist staff the AC in AMNCH. These NCHDs change every 3 

months, therefore the experience they gain in the clinic is lost due to the high turn over rate 

and level o f patients care varies as new NCHDs take over the management o f their
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anticoagulant therapy. The possibility exists, for some type of computer programme that 

would leam from a patient history, so that the information gathered by rotating NCHDs is 

not lost when they move to another field after 3 months. Artificial intelligent computer 

programmes would potentially fill this void in the clinics learning curve i.e. it would leam 

continuously from the information presented to it and the information would be retained 

even when the rotating NCHDs move on.
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3 Chapter Three 

Artificial Neural Networks

3.1 Introduction

Artificial intelligence (AI) is defined as “the capacity o f a computer to perform tasks 

commonly associated with the higher intellectual processes characteristic o f humans, such as 

the ability to reason, discover meaning, generalise, or learn from past experience” 

(Encyclopaedia Britannica, 1995). AI is a general term used to describe various computer 

applications e.g. problem solving, machine learning and neural computing. These 

applications have been developed from several interdisciplinary fields such as linguistics, 

psychology, computer science, engineering and biology.

Artificial Neural Networks (ANNs) have been defined as “software concepts inspired by the 

human neural physiology. Neural networks’ (NNs) greatest strength is in their ability to 

learn complex induction tasks without making any prior assumptions regarding the 

phenomenon under examination -  other than those introduced by the researcher/operator in 

the choice o f the variables used to characterise the phenomenon/problem. NNs greatest 

weakness is that there are few rules that guide the choice and configuration o f the network 

that allow it to function most efficiently in practice” (Sheppard et al. 1999).

Hand in 1987 described NNs as being “the use o f computer programs and programming 

techniques to cast light on the principles o f intelligence” (Hand 1987). Neural computing is 

the learning o f ideas that make people seem intelligent by computers. This type of 

computing is founded upon designing computer systems that exhibit the features we 

associate with intelligence in human activities.

3.1.1 Background to Neural Networks

ANNs is a computer based mathematical modelling and pattern recognition system that 

mimics the computational abilities o f the human biological systems e.g. the human brain. 

They perform this fianction by using large numbers o f simple interconnected artificial 

neurons similar in fiinction to biological neurons, which is the basic processing unit o f the
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human brain of which there are estimated to be more than 100 billion. In the brain, the 

connections between neurons are called dendrites and their role is to pass information from 

one neuron to another. The biological neurons also consists of an output channel, called an 

axon. The axon is responsible for the transmission of the signal along the neuron either in 

its original form or in an altered state. Rosenblatt in 1958 was the first person accredited 

with the use of this concept i.e. ANN (Forsstrom et al. 1995; Rowe et al. 1998)

Neurons are also capable of increasing or decreasing the potency of the output signal which 

can lead to the excitation or inhibition of subsequent neurons. ANNs use the same basic 

processing units as the human brain e.g. these neurons take one or more inputs from 

previous neurons and derive an output. It is these simple processing units that empower 

NNs to complete their modelling/data recognitions tasks. Figure 3.1 illustrates both types 

of neurons and Table 3.1 lists some of the advantages associated with ANN (Forsstrom et 

al. 1995; Rowe et al. 1998).

Uiologica.! neuron

Dendrites,

Artificial neuron

Output

Figure 3.1 Illustrations o f both the biological and artificial neurons
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Table 3.1 Advantages of Neural Networks*

• NNs are rapid and efficient at learning.

• Once they have learned a problem, they can be adapted and are able to 

generalize on unseen information.

• They have the capacity to deal with complex real world applications.

• They can deal with incomplete data or handle minor discrepancies in the

data (‘noisy data’).

• They are flexible and easily maintained.

(*Forsstrom e/a /. 1995; Rowe e/a/. 1998)

3.2 The Structure/Architecture of Artificial Neural Networks

A Neural Network (NN) can consist of several hundred or several thousand interconnected 

neurons and the manner in which these neurons are organised/arranged is called the 

networks architecture/structure. Table 3.2 lists the various NN architectures that have been 

used in different situations, but by far the most frequently used is the multilayer perceptron 

(MLP). This is the NN structure most commonly used in medical problems described in the 

literature and will be the basis of the NN designed and evaluated in Chapters 4 and 5 

(Furlong et al. 1991; Maclin et al. 1991, 1992 and 1994; Forsstrom et al. 1995; Rowe et al. 

1998b). The MLP network architecture has been used in a wide range of domain problem 

solving issues, including classification, pattern recognition and prediction and process 

modelling problems.

Table 3.2 Network architecture/structures available for modelling processes**

• Multilayer Perceptron •Auto-associative Neural

Networks Networks

• Radial Basis Function •Functional Link Neural

Networks Networks

• Learning Vector Quantisation •Kohonen Networks

Networks

• Recurrent Neural Networks

(**Rowe e? a/. 1998)
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The radial basis function network is similar to the MLP, however, it’s hidden nodes are not 

identical to the nodes in the input and output layers, as in the MLP. The hidden nodes in 

this type o f network contain a statistical transformation function which statistically 

transforms the input data to the hidden node. Kohonen networks, on the other hand, are 

composed o f a single layer o f neurons. During the training process these neurons/nodes 

form clusters, based on similarities in the data. Therefore, these types o f NN are used 

where there is a large number o f training cases available and the operator wishes to group 

similar cases together. The auto-associative NN is a specific type o f MLP network, in that 

it consists o f 2 MLPs jointed back to back and is used in situations where the number o f 

input variables equals the number o f output variables and the potential exists for the 

network to copy data presented to the input nodes directly to the output nodes (Rowe et al. 

1998; Trajan 1999; Witten 2000).

3.2.1 Multilayer Perceptron Networks

The multilayer perceptron (MLP) network consists o f identical neurons/nodes all 

interconnected and organised in ordered layers. This network type is fully interconnected 

i.e. all the neurons/nodes in one layer are connected to the nodes in the next layer, so that 

the signal outputs from one layer become the signal inputs for the next layer. This structure 

is also known as a feed-forward network. When data is presented to the network it passes 

through one or more hidden layers (incorporated in the networks structure) and finally 

emerges via the output layer i.e. the MLP network consists o f three subdivisions in the way 

the nodes are organised:

1. The input layer,

2. The hidden layer and

3. The output layer

Figure 3.2 illustrates the structure o f a three layer MLP network with one hidden layer i.e. 

one set o f hidden nodes (this network has 9 nodes in the input layer, 4 nodes in the hidden 

layer and 1 node in the output layer and can be represented as a 9-4-1 network). 

Theoretically, there can be more than one hidden layer, but this causes the computation time 

required by the network to be prolonged and decreases the speed at which the network
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handles the information. Several researchers have reported that in practice “one hidden 

layer is sufficient” (Furlong et al. 1995; Rowe et al. 1998).

Input

Hidden

Output

Figure 3.2 Diagrammatical illustration o f a MLP with one hidden layer, consisting 

of 9 input nodes, 4 hidden nodes and 1 output node

The advantages of MLP over classical statistical methods is their reduced development 

times and their ability to adapt to changing situations in the relation of input variables to a 

desired output. MLP networks are also particularly useful in circumstances where large 

numbers of variables contribute to an outcome but where their individual influence is not 

well understood or clear (Sheppard et al. 1999). In this respect Sheppard and associates 

explored the possible use of ANN in relation to renal transplantation. Their aim was to 

provide a robust, adaptable and locally usable model for predicting patient outcomes after 

renal transplantation (n = 548) -  an area where classical techniques had failed i.e. predicting 

the occurrence of cytomegalovirus disease after renal transplantation. The networks they 

examined “produced overall correct classifications well in excess of 80% in each of the two 

groups involved, diseased and non diseased” (Sheppard et al. 1999).

50



Chapter 3

3.2.2 Neuron(s)

As previously described the basic-processing unit o f any NN is the neuron or node. The 

neuron receives signals/inputs from other neurons in the preceding layers or directly from 

the input data, sums the signals, transforms the sum and sends the result to the other 

neurons in subsequent layers (Figure 3.3). When an input signal/value is presented to a 

neuron it has associated with it a weighted value that determines the strength o f the 

interconnection between subsequent neurons and thus the contribution o f that 

interconnection to the continuous firing o f the following neuron. In other words, the 

ftinction o f a neuron is to receive, modify and transmit signals (Figure 3.3) (Rowe et al. 

199^).

Input from 
other neurons 
in preceding 
laver

Yj Input
Transform
Sum

Output to 
other neurons 
in subsequent 
layers

Figure 3.3 Typical function of a neuron

3.2.J Neuron Transformation Function

The transformation ftinction used by any NN may be linear or non-linear in nature (Furlong 

et d. 1995; Rowe et al. 1998). The linear transformation fionctions reduce the computation 

abilties o f the NN to simple linear fiinctions e.g. addition and multiplication. Non-linear 

transformation functions are generally used to enable NNs to solve more complex problems. 

Figire 3.4 illustrates two types o f transformation fiinctions; (a) the sigmoidal transformation 

fijmtion and (b) a simple linear transformation fiinction. The sigmoidal transformation 

fiimtion is the most commonly used by NNs. The purpose o f the sigmoidal fiinction is to 

transform the output from a neuron to a value between 0 and 1, and the process is complete 

befire the output signal reaches the next node in the subsequent layer. Another advantage 

o f  tie sigmoidal Sanction is that it facilitates rapid network learning. If such transformation 

fianitions were not present, NNs output would potentially be troublesome and the 

conputation time required by the networks would be increased (Erb 1993). The nodes in 

eacl layer perform a weighted sum on their inputs and pass this activation level through a 

trarsfer fiinction (e.g. a sigmoid transfer fiinction) to produce an output signal.
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A drawback o f the sigmoidal transformation process is that NNs can only process numerical 

values, therefore, categorical, qualitative or ordinal data must first be pre-processed to be 

represented by numerical values before the networks can manipulate them (Rowe et al. 

1998).

- 0 , 5 0 , 5

(a)

0,5

- 0.5 0.5

- 0.5

(b)

Figjre 3.4 Sigmoidal transfer function (a) and Linear transfer function (b)

3.3 Backpropagation Algorithm

The backpropagation algorithm (BPA), was described by Maclin and his colleagues in 1992 

as ‘the most successful algorithm in solving clinical diagnosis problems ” and the BPA is a 

supjrvised learning algorithm in which the weights are modified via the propagation o f an 

err(r signal from the outputs to the input variables (Maclin et al. 1992). The most 

conmonly used transformation function in backpropagation NN analysis is the sigmoidal 

fiin;tion (Figure 3.4 (a) and Equation 3.1):
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Y,= (l  + e V Equation 3.1

This sigmoidal transformation process produces non-linear outputs and it prevents the 

network from becoming dominated or overloaded from single large input values that could 

be present in the training set (Erb 1993).

During the learning/training phase the information presented to the NN is passed from one 

neuron to another. The interrelationships between the input/output variables are then 

contained within a set o f  weights. The net input into t h e l a y e r  node (Ij) equals the sum o f  

the outputs from the prior layer (O/) and each input from a prior node is multiplied by a

weight factor (Wji) associated with that particular interconnection (Equation 3.2) (Erb 

1993).

Where Wy is the adjustable weight connecting element i to element j ,  Ij is the net input to a 

node, 0; is the output from the previous element and Ij is the resultant input to element j .  

During the initial training process the value o f  Wjj in the input layer is equal to 1 and Oy 

equates to the sigmoidally transformed input data. The output from the i element is 

transformed using the sigmoidal transform fiinction given in Equation 3.1, where x becomes 

1/ and Y/ becomes Oj  (Equation 3.3) (Erb 1993).

The delta rule/backpropagation algorithm uses the discrepancy between the desired output 

and the predicted output to adjust the weights o f  the network’s interconnections. The 

adjustments o f  the weights can be mathematically represented by the following equations:

I j  =  L  Wj.O; Equation 3.2

O/ = ( l + e - ‘0 ‘ Equation 3.3

new -  w,y = old - w,y + AW y Equation 3.4
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Equation 3.5

Where Irate is a constant specifying the learning rate, /^Wij is the change being made to 

the weight, d/ is the activation value for unit/, a, is the current activation it produces and aj is 

the activation of the unit j.

3.3.1 Learning and Momentum Rates

The network’s learning rate is a multiplication factor that is used to control the magnitude 

of successive weight changes. If the learning rate is too large the NN will experience 

extreme weight changes at each epoch and the network will be incapable of learning 

effectively i.e. the network’s ability to reach an optimal solution will be impeded. On the 

other hand, if the learning rate is too small the whole learning process will be slowed down 

and the network can get caught in a local error minimum (Mammone et al. 1991). The 

overall aim of training NNs is that convergence of the error measurement will occur. 

Convergence can be defined as a process whereby the error measurement value of the 

network gets closer to zero or where the network reaches a global minimum error value.

The momentum term is a proportionality constant that has the effect of smoothing weight 

change oscillations during the optimisation/learning process. It is used to accelerate the 

learning process by incorporating some information from the previous exposure of the data 

to the neural network i.e. it calculates a proportion of the previously calculated weight 

change, which in turn determines the extent of successive weight changes. Small 

momentum rate values help prevent the network from widely fluctuating new weight 

changes that can obstruct it from reaching an optimal solution. The effect of the previous 

weight change gives both magnitude and direction to the new weight change. The effects of 

the learning and momentum rates were summarised by Erb in 1993 in the following 

equation:

Weight Change = (Learning rate)*(Error) + (Momentum)*(Last Weight Change)

Equation 3.6
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3.3.2 Normalisation

As previously mentioned, the input variables, be they categorical or ordinal, have to be 

represented by a numeric value before the NN will recognise the information contained 

within the data set. The data set must also be normalised i.e. ranked between the values of 

0 and 1 before a NN will be able to process the information. This normalisation process can 

be undertaken by the following means:

1. Dividing aU values by the maximum value encountered or

2. By subtracting the minimum value from the actual value and dividing by the range 

between the maximum and minimum values or

3. By calculating the statistical mean and standard deviation of the attribute value, 

subtracting the mean from each value, and dividing the results by the standard 

deviation (Witten et al. 2000).

3.4 Network Training

Unlike conventional computer programs, which are explicitly programmed, NNs are trained 

using examples of the domain problem at hand i.e. it leams from previous 

problems/examples, similar to humans. The training of NNs is also referred to as learning 

and can be either supervised or unsupervised or a hybrid, depending upon the network 

architecture.

Supervised training is the procedure by which a NN is presented with a group (the training 

set) of paired input and output values. The network then automatically adjusts the weights 

associated with each of the individual neurons so that the output from a specific set of input 

parameters, e.g. one training case, is close to the desired output value for that particular 

case. The difference between the actual and desired output is usually quantified by means 

of an error fiinction, normally referred to as the generalisation error or the root mean 

squared error of the network (Erb 1993; Furlong et al. 1995; Rowe et al. 1998; Sheppard et 

al. 1999; Witten et al 2000).

Unsupervised training is specifically used for the Kohonen network. In this scenario, during 

the learning/training phase the network is presented with input data only, whereas in
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supervised training, paired input and output parameters are presented to the network. The 

unsupervised training therefore, enables the network to group/cluster similar cases and the 

network is trained to predict the same output for all cases within a cluster (Furlong et al. 

1995; Rowe et al. 1998).

The training process is a repetitive one whereby the error function after each forward pass 

of the data through the network is calculated and used by the network to readjust it’s 

weights in order to try and decrease the error function next time around. Each passage of 

the training data through the network is called an epoch and the algorithm used to compute 

the error is known as the training algorithm. All of the training algorithms used for the 

supervised training of MLP networks are based on the back-propagation of error technique 

(Rowe e/a/. 1998).

The accuracy of a network’s performance can be evaluated by examining its prediction 

capabilities on unseen/new information. The network’s performance can also be evaluated 

by the error measurement calculated from its training cases, although a true reflection of its 

prediction capabilities will not be fully known until it is presented with new information. 

Forsstrom and colleagues summarises this in the following quote: “It is impossible to study 

directly the knowledge which the NN has gained during the learning process. Accordingly, 

the only way of evaluating NNs is by testing such networks with test cases obtained from 

the same population as the learning cases” (Forsstrom et al. 1995).

ANN computational skills can be summarised as follows:

1. Learning -  this is the process whereby the network’s weights are adjusted to enable 

the mapping of the input/output interrelationships. The most common learning 

algorithm that oversees this process in MLP networks is the backpropagation 

algorithm.

2. Recall -  the weighted connections within the NN architecture become the memory 

units of the NN, enabUng the trained NN to recall information presented to it during 

the training process.

3. Generalisation -  during this stage the trained NN is capable of predicting a 

satisfactory output value for new unseen information or when presented with
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incomplete or noisy data (Erb 1993; Furlong et al. 1995; Rowe et al. 1998; 

Sheppard et al. 1999; Witten et al 2000).

3.4.1 Overtraining

A problem specific to NN is that of overtraining/over learning i.e. the network performs 

well on the training data set but poorly on the unseen test data set. This is because the 

network starts to memorise or learn the noise in the training set due to its structure being 

too complex. Avoidance of overtraining is an important feature when design and 

optimisation of a NN architecture is being undertaken. The ideal NN is one whose structure 

is complex enough to enable it to perform well on unseen/new information; unfortunately 

there are no hard and fast rules regarding buUding/designing the optimum NN, it can only be 

achieved through trial and error (Erb 1993).

One method that tries to overcome the phenomenon of over learning is that of K fold cross 

validation techniques (described in section 3.4.2). Erb 1993 and Likothanassis 1995, 

reminded NN users “before training, 10%-20% of the facts/cases should be randomly set 

aside to be used for testing the trained network” (Erb 1993; Likothanassis et al. 1995).

3.4.2 K-fold cross validation

K or m-fold cross validation technique is a simple variation of the training process described 

in detail above. In this situation, the training set is randomly divided into k disjoint sets of 

equal size n/k, where n is the total number of cases in the data set. The network is trained k 

times, each time with a different set held out and the estimated network’s 

performance/generalisation error is then an average of the individual errors i.e. k times 

errors (Machn et al. 1992; O’Duda et al. 2000). Such a technique has been used in several 

problem-solving areas and Maclin and co-workers used this cross validation approach in 

their prediction of hepatic carcinomas in order to prevent the NNs irom over learning 

(Maclin e/a/. 1992).

Tourassi and colleagues trained a network using a cross validation method to examine its 

performance in predicting PE and breast cancer. Their reasons for using this training 

method were as follows: “if the ANN has a proper architecture and a sufficiently large
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lumber o f training data it will be able to generalize; that is, to give the correct answers for 

:ases it has not seen during the learning phase. However, if the number o f available training 

:ases is small there is a risk that the training samples are a poor representation o f the actual 

Dopulation and the network will start to over learn” (Tourassi et al. 1997).

5.4.3 Ensembles

Ensembling of a network’s predictions is another means by which the overall performance 

of a network can be improved. This procedure is based upon the thought process that 

expert physicians will differ slightly regarding the solution to any one problem and hence, 

expert systems, e.g. NNs, will differ slightly in their suggested predictions. The theory 

behind this process is that slight differences in predictions will exist between the different 

networks and if these differences are combined to produce a combined opinion/prediction, a 

more superior network will be produced. Hence, the network’s performance capabilities on 

new/test data would be improved i.e. the ensembling o f ANNs is a committee o f experts 

where the aggregated results o f several networks are better than the results o f a single 

retwork alone (Cunningham 1999; Wall et al. 2000). The ensemble error is calculated by 

tie means o f the following equation 3.7.

E = E - A  Equation 3.7

^VTiere E is the overall error o f the ensemble, E is the average generalisation error o f the 

ensemble components and A is the ensemble diversity i.e. variance in individual predictions 

(Cunningham 1999).

3.5 Feature Selection /Sensitivity Analysis Process

Feature selection/sensitivity analysis procedures help to identify the important input 

variables. The use o f all or some of the input variables by the NN may lead to differing 

oatput predictions. Omitting the variable from the input parameter list and comparing the 

network’s performance with and without the particular variable can measure the importance 

of a particular input variable. Hence, the worth/importance o f individual parameters can be 

neasured (Trajan 1999; Cunningham et al. 2000a and 2000b).
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3.6 Human Medical Problems which have used ANN Computational 

Techniques

Several groups o f researchers have explored the uses o f ANN especially as a diagnostic aid, 

but they have also been used in a range o f clinical problems encompassing medical imaging 

and both analysis and predictions o f clinical and laboratory data (pharmacokinetic studies). 

The following sections will evaluate and detail the finding o f these research groups.

Maclin and colleagues have extensively investigated the use o f ANN to diagnose renal and 

hepatic carcinomas (Maclin et al. 1991). In 1991 they developed and trained a 21-10-1 NN 

using the BPA to diagnose renal cell carcinomas i.e. an all or nothing diagnosis. In total 

they used 52 cases using the k-fold cross validation techniques described above to train the 

NN. The network correctly predicted 47 (100%) new patients’ renal carcinoma diagnosis. 

They concluded by stating “in the past 5 years NNs have become successfLil in providing 

meaningful second opinions in clinical diagnosis” (Maclin et al. 1991). During the 

following year Maclin and associates again published the findings o f their research into the 

usefulness o f ANN as a “second opinion in diagnosing liver cancer” (Maclin et al. 1992). 

Again using a MLP, a NN was trained using the BPA to predict liver carcinoma diagnosis 

for patients. The network predicted 75% o f its test cases accurately, which was higher than 

the 50% rate attained by the average radiology resident, but lower than the 90% rate 

achieved by the “board-certified radiologists” (Maclin et al. 1992). They concluded that the 

network’s performance could be improved by increasing the number o f data sets available 

for training and that the current network could be used as an aid to radiologists (Maclin et 

al. 1992, 1994).

Likothanassis and associates developed a 3-15-2 structured network using cross validation 

methods to aid gynaecologists in the diagnosis/classification o f cancer at the neck o f the 

womb. Their test set resulted in 60% o f the cases being diagnosed correctly, when 

compared with colposcopy and biopsy results (Likothanassis et al. 1995).

Brier and co-workers have also investigated extensively the use o f ANN to predict 

laboratory data. In 1995 they explored the potential o f ANN to predict gentamicin peak 

and trough levels in patients. A MLP neural network was trained on 113 patient records 

and the network was then evaluated using an evaluation set o f 44 cases. I'hey found that
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the network’s predictions were 5 times more precise than traditional pharmacokinetic 

approaches (Brier 1995, Brier et al. 1995; Smith et al. 1996). Prior to this Allerheiligen 

and Erb and co-workers reported on the use o f ANN in a study to predict patients’ renal 

function and creatinine clearance values (Allerheiligen et al. 1990; Erb 1993). Erb and 

associates in their study used gender, age, weight and serum creatinine as the input variables 

(i.e. those variables normally used in the traditional calculation method) and £in =0.973 

was calculated when the network’s predictions were compared with the patient’s actual 

values, although no evaluation set was used in this study.

NNs have also been developed to predict patient’s creatinine clearance levels taking into 

account that they were suffering from another disease, namely HIV. Herman and associates 

developed a backpropagation NN with a 16-16-1 architecture to predict HIV patients’ 

creatinine clearance. They calculated that the mean difference between the predicted 

creatinine clearance values and the actual was 4.1ml/min/1.73 m  ̂ and the NNs predictions 

were “superior to that o f the five traditional equations that are currently used in clinical 

settings” (Herman et al. 1999).

Brier used a NN to predict cyclosporin levels in 40 patients who had undergone a kidney 

transplant after the network had been trained using 100 records. The network accurately 

predicted approximately 50% o f the test cases with ±50 ng/ml o f the observed levels, but 

overall the network’s predictions were not statistically significant (Brier 1995b). Brier also 

explored a patient’s delayed renal allograft function in 1995 using a 14-2-1 MLP network. 

The network was trained using the BPA algorithm and the training and test sets consisted of 

190 cases each. The network accurately predicted immediate graft function 73% o f the 

time and accurately predicted delayed graft fiinction 65% of the time. The overall correct 

prediction percentage was 69%. They conclude that “NN can predict delayed graft function 

and the use o f such a network would allow selective use o f immunosuppressants in patients 

to minimize adverse effects” (Brier 1995c, 1996).

Additional pharmacokinetic studies involving NNs included the training o f a network using 

k-fold cross validation techniques to predict the pharmacokinetic properties o f beta- 

adrenoreceptor antagonists in humans, using data from animal models. The NN predicted 

values agreed strongly with the experimental values (average difference 8%) and the NN
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predicted values were better than those predicted using multiple regression techniques i.e. 

average difference 47%. They also developed and trained a MLP network using the 

sigmoidal transfer function and BPA (average error = 19%). The input variables were 

dosage, time, pharmacodynamic and pharmacokinetic properties of various drugs (e.g. 

acebutolol, alprenolol, atenolol, bufuraolol, metoprolol, nadolol, pindolol, propanolol, 

timolol and tolamolol) and the output variable was pharmacodynamic effect. They found 

that ANNs were robust and powerful data manipulation tools and were able to emulate the 

kinetic-dynamic relationship and predict future events e.g. the effect of the compound 

(Gobburu et al. 1996).

Ala-Korepla and co-workers developed a network to predict the lipoprotein lipid profiles of 

human plasma when it was trained using laboratory determined serum plasma lipoprotein 

measurements for 37 patients. Their study group (total n = 59) included a wide range of 

normal and abnormal lipoprotein lipid values in order to expose the NN to as broad a 

selection of information as possible. This group was divided into two different sets: 37 

cases in the training set and 22 in the test set. The resultant lipoprotein lipid profiles 

predicted for the 22 test samples were compared with the plasma cholesterol assay for the 

same individuals and a correlation coefficient of 0.96 was calculated (Ala-Korepla et al. 

1995).

The potential role of ANN in predicting patients’ thyroid function has also been explored by 

Sharpe and colleagues in 1993. They used a backpropagation MLP network to predict 

thyroid function from in-vitro laboratory test results. They examined the network’s 

performance when the training data contained extreme values (randomly assigned to the 

training set to increase noise within the set) and when the training set only contained pure 

information. When the pure data set was examined the accuracy level of the network’s 

predictions was in the range of 92.7% -  98.8% and when the extreme values data set was 

examined the accuracy of the network’s predictions rose to 96.4% -  99.7% (Sharpe et al. 

1993).

In addition, NNs have been used successfully in laboratories to predict the pharmacological 

effect of drugs on animals e.g. Veng-Pedersen and co-workers in 1992 developed and 

trained a NN to predict the effect of alfentanil on the heart rate of rabbits (Veng-Pedersen et
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al. 1992). NNs have also been used in forensic science for the storage and classification of 

bullet striation patterns, in the prediction of successfiil weaning fi-om respiratory support, in 

detection of errors in anaesthesia breathing circuits, in the prediction of the mechanism of 

action of cancer drugs and in the prediction of secondary structures (Forsstrom et al. 1995). 

They have also been used in the pharmaceutical industry to aid in the optimisation of 

tableting processes (Rowe et al. 1998b).

Narayanan and Lucas explored the possibility of using a NN to predict a patient’s INR for 

three individual inpatients (Narayanan et al. 1993). The input parameters they used were 

the warfarin dosage administered over the previous 7 days, the most recent INR 

measurement and the time elapsed since the last INR measurement. Even though they 

indicated that a patients’ INR measurement could be affected by concurrent medication and 

hepatic status they did not try and incorporate these measurements into the networks’ 

predictions. Also only 3 cases were available to the researcher and the potential for the 

network to over learn was extremely high. Hence, the possibility exists to try and model the 

effects of warfarin in patients attending an AC, incorporating as many of the parameters as 

possible i.e. those shown to affect a patient’s response to their anticoagulant therapy in 

Chapters 1 and 2.

3.7 Origin and Scope

The American Society of Hospital Pharmacists in their pharmacokinetic guidelines described 

a pharmacist’s role with regards to the clinical pharmacokinetics of drugs to be “the process 

of applying pharmacokinetic principles to determine the dosage regimens of specific drug 

products for specific patients to maximize pharmacotherapeutic effects and minimize toxic 

effects” and “examples o f such outcomes include decreased mortality, decreased length of 

treatment, decreased length of hospital stay, decreased morbidity and decreased adverse 

effects fi'om drug therapy” (ASHP 1998). They also stated that “the development of 

patients’ individualized dosage regimens should be based on integrated findings from 

monitoring both the drug concentration-versus-time profiles in biological fluids and the 

pharmacological responses to these drug products” (ASHP 1998).
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As Stated in Chapter 2, during 1996 a pharmacist from the Pharmacy Department of the 

Adelaide Hospital, Dublin became involved in its AC clinic, primarily to educate patients 

regarding their anticoagulant therapy and to provide drug information to patients and 

NCHDs involved in the clinic (Tully 1996). During this same period, as previously 

documented, extensive research was being undertaken to assess and evaluate a pharmacists’ 

performance in managing anticoagulant patients in the UK and USA.

The Department of Pharmaceutics and Pharmaceutical Technology during 1995-1996 had 

become involved in a research project evaluating the use of NNs to predict tablet 

dissolution and formulation parameters (Chang 1996). Therefore, the opportunity 

presented itself for a research project to be undertaken to try to combine both of these areas 

of expertise i.e. to collate information relevant to patients attending the AC of the Adelaide 

Hospital and to use NN technologies to try and mimic the prescribing practices of the 

physicians managing the AC, so that when the rotating NCHDs departed from the clinic, the 

expertise they had gathered during their period in the clinic would not be lost.

3.8 Neural Network Software Packages

Two different NN software packages will be used in Chapters 4 and 5. The initial package 

was designed and built using the programming language Ĉ .̂ This package was built by the 

Department of Computer Science, Trinity College, Dublin, and was used in an experiment 

to predict the outcomes in females undergoing In Vitro Fertilisation treatment in a local 

Dublin hospital (Cunningham et al. 1999). This NN package will be used to create different 

NN architectures in the following chapters to predict patients’ warfarin dosage regimes and 

subsequent INR measurements. The name given to this generic in-house NN was NNTCD 

i.e. Neural Network Trinity College, Dublin.

The second NN software package that will be explored in the latter part of Chapter 5 is a 

commercial package called Trajan®, purchased by the Department of Pharmaceutics and 

Pharmaceutical Technology during the latter part of this research project. The package, 

unlike the NNTCD, is a Windows bases user-friendly system and unlike the NNTCD, 

Trajan® automatically manipulates the input variable into the required format and will also 

perform statistical tests for the operator, if so desired.
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4 Chapter Four

Phase 1 Data Collection and Optimisation of the Neural 
Networks Architecture

4.1 Introduction

As reviewed in Chapter 3 (Sections 3.6 and 3.7), several articles have been published 

describing the use o f ANN technology in medical decision support systems. The objective 

o f this chapter was to explore the possibility o f training a NN to predict a patient’s warfarin 

dosage and also to examine the use o f NN to predict a patient’s INR measurement.

ANN discern complex and latent patterns in the data presented to them and this feature o f 

ANN technology provided us with the opportunity to exploit two possible roles for ANN 

systems in relation to anticoagulant therapy. The first of these prospective roles for the NN 

was to learn the decision-making behaviour of a prescriber e.g. to learn the thought process 

o f the prescribing health care practitioner (HCP) in relation to warfarin therapy (Figure 

4.1). In other words the physician/NN assess the current situation regarding a patients 

anticoagulant status and subsequently decide upon a new dosage regimen for that 

individual patient.

( P r e s c r i p t i o n /

Figure 4.1 Role for machine learning system in a decision making process with 

respect to a patient’s warfarin dosage

The second potential role o f the NN in relation to anticoagulant therapy is to predict the 

resultant outcome i.e. to predict a patient’s measured INR value upon return to the AC or 

in other words to predict the likely INR associated with Figure 4.1 above (Figure 4.2).
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■situation
Description

Outcome / 
Resultant INRPrescription/Dose

Figure 4.2 Role for machine learning system in a decision making process with 

respect to a patient's INR measurement

4.2 Aims

The aim o f this section is to investigate a range o f NN structures and to identify the 

optimum structure for modelling purposes i.e. the structure for which the generalisation 

error measured for the test cases is minimal. This optimisation process involved the 

training o f the NNTCD i.e. the generic in-house ANNs programme supplied by the Dept, 

o f Computer Science, Trinity College, Dublin.
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4.3 Method
4.3.1 Selection of the Input Variables

The factors likely to impact on a patient’s warfarin therapy reviewed in Chapters 1 and 2 

were selected and are listed in Table 4.1 and Table 4.2. These parameters were used as the 

input parameters for the NNs (in this chapter and Chapter 5) and were measured for each 

of the study patients. In total, 23 parameters are listed and normally this information is 

available to the prescribing physician, either through medical/computerised patient notes or 

from the patient. A patient’s LFT parameters are not routinely available to the prescribing 

physician but these additional measurements were carried out for each patient taking part 

in the study (Table 4.2).

Table 4.1 Parameters measured and used in training and testing of ANNs

Age

Weight*

Height

Marital status 

Gender

Concurrent prescribed 

medication*

Concurrent OTC medication* 

Smoking*

Alcohol*

• Compliance*

• Previous warfarin dosage*

• Measured INR*

• Duration of therapy*

• Target INR value

• Number of hours since their 

last warfarin dosage*

• Prescribed warfarin dosage*

• Any adverse events*

* values measured continuously

Table 4.2 Liver function test parameters not normally available to the 

prescribing physician

• Albumin • Alanine aminotransferase

• Total bilirubin • Y -  Glutamyl transferase

• Alkaline Phosphatase • Total protein

66



Chapter 4

4.3.2 Ethics Committee Approval

Initially to generate/create a database of patient’s parameters (Table 4.1 and Table 4.2) and 

to collect additional blood samples from patients attending the AC of the AMNCH, it was 

necessary to obtain Ethics Committee Approval from the Federated Dublin Voluntary 

Hospitals and St. James’s Hospital Joint Research Ethics Committee. The necessary 

application form was completed and submitted in August 1998. Additional documentation 

submitted with the application form included; project proposal, patient information leaflet, 

patient consent form and a data collection form (Appendix 1). Approval for the project 

was granted on 22"*̂  September 1998 and the recruitment of patients into the study began 

on r ‘ October 1998.

4.3.3 Study Design

At the time of applying for Ethics Committee approval, a cohort of 200 patients attending 

AMNCH’s AC was considered a reliable sample size to enable sufficient data to be 

collected in order to train and test a NN (Cunningham 1998; Mertens 1998).

The project was divided into two phases as per agreement with the Cardiology Dept, of 

AMNCH so as to cause minimal disruption to the running of the AC. It was, agreed that 

each phase would consist of approximately 100 patients arbitrarily sampled from the total 

population of patients (n=600) attending the AC.

Patients were informed about the study using the Patient Information Leaflet (Appendix 1) 

before being asked to give written consent indicating that they understood the details of the 

study and were happy to take part, as per Ethics Committee approval. This study was 

completely voluntary and patients could drop out at any time, if they so desired, without 

affecting the medical care they were already receiving.

By consenting to take part in the study, patients agreed to speak with the researcher each 

time they attended the OPD AC from October 1998 for seven consecutive visits or if they 

agreed, up until the end of July 1999 i.e. a total of 10 calendar months.

4,3.3.1 Additional blood samples

Participants also agreed to have additional blood samples taken during the study period. 

Originally, it was hoped to conduct more than one LFT for each individual taking part in
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the study but, due to Laboratory constraints and patient reluctance, only one additional 

blood sample was taken from each study participant.

In accordance with the agreement with the Laboratory Dept, any abnormal LFT results 

were brought to the attention o f the clinic HCP. Otherwise the results were filed in the 

individual patient’s medical notes as per normal hospital practice. The results o f these 

tests were also made available to all medical/paramedical personnel on the hospitals 

laboratory computer system (KEY®) as required by the Ethics Committee.

Additional LFT values were obtained for the study patients by conducting a retrospective 

search o f the KEY® system. If  any LFT tests were conducted for the study patients within 

six months from the date they consented to take part in the study this data was recorded on 

the individual’s data collection form (Appendix 1). The clinic HCP considered six months 

to be an acceptable period from which retrospective results could be taken to ensure an 

accurate and reliable measurement o f a patient’s LFT status. Any additional LFT tests 

conducted for study patients were at the request o f other clinics in the hospital e.g. the 

cholesterol and haematology clinics. Where these results were available for patients 

during the study period, they were added to the individuals data collection form.

4.3.4 Data Collection

4.3.4.1 Parameters measured

During the interview, the parameters listed in Table 4.1 were recorded using a data 

collection form. Background demographic information was recorded with respect to the 

individual study patients e.g. hospital number, age, date o f  birth, gender, height, marital 

status, duration o f  anticoagulant therapy and target INR value. Additional parameters 

were also measured on a continual basis and were recorded for the individual patients 

(these parameters are marked with * in Table 4.1).

During the study period the researcher attended the OPD anticoagulant clinic o f AMNCH 

twice weekly. A list o f the patients due to attend the clinic was printed daily by the 

researcher from the hospital’s OPD database system. Patient Information Management 

System (PIMS®) and study patients due to attend were identified. The LFT blood form 

(Appendix 2) required by patients for the additional blood sample to be taken was handed 

to the individual patient before their routine anticoagulation blood test. This form was
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coded so that both Phlebotomy and Laboratory Departments could identify the source of 

the request. The study code i.e. the code that was to appear on the blood form was 

“NNSAC”, which stood for Neural Network Study Anticoagulation. A letter of 

authorisation was also obtained from the consultant cardiologist, AMNCH, authorising 

these additional blood samples.

The information collated was verified by reviewing each patient’s medical record 

retrospectively at the end of the study period. The AC’s computerised database system 

(MAGIC®) was also reviewed for each study patient and his or her previously measured 

INR values were obtained from the laboratory computerised reporting system (KEY®). 

The information was then entered into an Excel® spreadsheet. Any necessary alterations 

were made, so that the parameters were suitable for use in the NN program.

4.3.5 Data analysis

Once the data was collected and entered into an Excel® spreadsheet it was possible to 

export the information into two statistical packages i.e. Statistical Programme for the 

Social Sciences® (SPSS) version 10.0 and Datadesk® version 6.0, which enabled relevant 

statistical tests to be conducted where appropriate. Student t-test, linear regression analysis 

and sum o f squared differences were the statistical tests used to measure the agreement 

between NN predictions and the dosages prescribed by the HCP or the actual INR values 

measured for the study patients. All statistical tests were conducted with a 95% confidence 

interval i.e. p<0.05.

4.3.6 Data Preparation - Normalisation of data into the necessary format

In order for collated data to be inputted into the NNs it had first to be normalised i.e. all of 

the data had to be represented by a numerical value in the range o f 0 to 1 as described in 

Chapter 3.

4.3.7 Categorical/Nominal Data

In order for the normalisation of categorical data to take place it first had to be converted 

into numerical values. For example, patient gender was coded as follows: male = 0 and 

female = 1. Similarly, patient marital status was coded: single = 0 and married or living 

with a partner = 1.
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When normalising data one cannot normalise a range o f values e.g. target INR 2.0 -  3.0. 

Therefore the mean INR o f the target range expressed by the prescribing physician e.g. 2.5 

was normalised. The use o f a target INR values is now endorsed by the British Society o f 

Haematology (British Society o f Haematology 1998). These target INR values are based 

on a patient’s disease state and are specified by the initial prescribing physician (Table 

1.4). In total there were 6 target INR values specified by the prescribing physician, 

ranging fi-om 2.0 to 3.75, which were normalised.

4.3.7.1 Adverse Drug Events

The number o f adverse drug reaction/events that occurred to the study patients during the 

study period were also categorised into numeric variables. Such events could be either due 

to an overdose or under dose o f warfarin. Events due to an overdose were classified as a 

positive event and those due to an under dose were classified as a negative event i.e. either 

enhanced or decreased pharmacological effect. Zero was used to indicate that no such 

adverse event had taken place (Table 4.3).

Table 4.3 Classification applied to adverse events

Value Description of event

-1 Embolic event requiring hospitalisation

-0.5 Slight chest pain or leg pain or mild temporary weakness experienced by 

the patient, but not necessitating any medical attention.

0 No adverse event reported

0.5 Slight bruising/bleeding not requiring hospitalisation, a visit to the 

patient’s General Practitioner or to an Accident and Emergency Dept.

1 Bruising/bleeding requiring hospitalisation, a visit to the patient’s 

General Practitioner or to an Accident and Emergency Dept.

4.3.7.2 Concurrent medication

Concurrent prescribed and OTC medication was classified in a similar manner. The most 

up-to-date drug interaction literature was used to classify this information into the 

categories Listed in Table 4.4. All possible interactions were investigated using Appendix 

1 o f the British National Formulary 37th & 39th Ed., Stockley’s Drug Interactions 5'*’ Ed 

and online Medline database searches were also conducted (BNF 37**’ and 39'*’ 1999 & 

2000; Stockley 1999). Any drug interactions were classified as major/minor interactions.
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This classification is similar to that documented in the literature and in the 37“’ and 39‘*’ Ed. 

of the BNF (Buckley et al. 1992; Adams 1998).

Table 4.4 Classification o f interacting medicines, OTC and herbal products

Value Description o f event

-1 Major interaction inhibiting the effect of warfarin

-0.5 Minor interaction inhibiting the effect of warfarin

0 No interaction

0.5 Minor interaction enhancing the effect of warfarin

1 Major interaction enhancing the effect of warfarin

4.3.7.3 Patient's Compliance with their prescribed medication

Similarly, a patient’s compliance (assessed by patient’s self-reporting if they had adhered 

to/strayed fi'om their prescribed dosage) with their prescribed anticoagulant regime i.e. 

their dosage regime as detailed in their Yellow Booklet, was coded into a numerical format 

suitable for use by the ANN (Table 4.5)

Table 4.5 Classification o f a patient’s compliance with their anticoagulant regime

Value Description o f event

-1 Patient omitted/did not take their warfarin deliberately

-0.5 Patient omitted/did not take their warfarin by accident or

accidentally did not take enough medication

0 Patient was compliant with their regime

0.5 Patient took accidentally too much warfarin or did not follow their

prescribed regime

1 Patient deliberately took too much warfarin

4.3.8 Continuous/Numerical Data

Once the variables were in a numeric format the entire database was normalised by 

selecting the maximum and minimum values for every parameter and then applying the 

following equation to all values within the individual parameters/column (Cunningham 

1998; Witten e/a/. 2000):
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Normalised value = Value -  Min

M ax-M in  Equation 4.1

This normalised information was then saved as a tab delimited ‘*.txt’ file, which was later 

converted into a data format file ‘*.dat’, the required format for use in the NNTCD 

programme.

4.3.9 Software Description

The most commonly used training algorithm to train neural networks is the back- 

propagation algorithm as discussed in Chapter 3 (Section 3.3). This is the algorithm used 

for the two problems that are explored in this chapter (Figure 4.1 and Figure 4.2).
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4.4 Results and Discussion
4.4.1 Optimisation of the Neural Network architecture

The parameters listed in Table 4.1 were used as input variables to train the networks and 

the output parameter was either a patient’s prescribed warfarin dosage or INR 

measurement and wUl be specified in the relevant sections below. The optimisation of the 

network architecture involved the selection of the most favourable momentum, number of 

hidden units and learning rates for the given problem.

4.4.2 Warfarin dosage prediction

Initially the networks were trained and developed to predict a dosage of warfarin i.e. the 

output parameter was the daily dosage of warfarin, which an individual should take daily 

until their next clinic visit i.e. the domain problem was that shown in Figure 4.1.

This work involved optimising the number of hidden nodes and both the learning and 

momentum rates. In order to undertake these steps, the data, which consisted of 656 

patient encounters, was divided into two groups (approximately a 2:1 ratio, as suggested in 

the Trajan manual, version 4.0 and Cunningham 1998):

1. Training group (consisting o f450 encounters) and

2. Test group (consisting of 206 encounters).

4.4.2.1 Optimisation o f number o f hidden nodes in the single hidden layer

While the number of hidden nodes was varied in the range of 1 to 10, the learning and 

momentum rates were each set constantly at 0.2 (these values of 0.2 were arbitrary starting 

points, chosen according to previous work) (Cunningham et al. 2000a). The configuration 

file (i.e. the file informing the NN as to which cases were classified as part of the training 

and test sets) is shown in Appendix 3 (Table A3.1). The 206 test scenarios were varied 

consistently so as to avoid the network over learning (Cunningham 2000b).

Figure 4.3 shows a plot of the generalisation error values obtained when the number of 

nodes in the hidden layer was varied between 1 and 10. The error values used in Figure 

4.3 are average values calculated from the 3 trials (Appendix 3, Table A3.1). The 

abbreviations used in the legends are as follows: IHU means the number of nodes in the
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hidden layer was 1, etc. and the learning and momentum rates were both set constantly at 

0 .2 .

This initial plot demonstrates that as the number of hidden nodes increases from 1 to 10 so 

does the error value i.e. the test set’s error measurements (the generalisation error 

measurement increased from 0.0605 to 0.0628 after 1000 epochs). Figure 4.4 illustrates a 

NN architecture with one node in its hidden layer and one output node. The network with 

only one node in its hidden layer gave the lowest generalisation error value on the test 

cases (Figure 4.5).
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Figure 4.3 Generalisation plot obtained when the number of hidden nodes within 

the network are varied between 1 and 10

 Division between the Training and Test error measurements
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Figure 4.4 Diagrammatic illustration o f the network architecture derived from the 

calibration process (16-1-1)
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Figure 4.5 Plot o f the generalisation error values measured as the number of 

nodes in the hidden layer was increased
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4.4.2.2 Optimisation o f the learning rate

The number o f hidden nodes and the learning rate were varied during the optimisation 

process using the configuration file as shown in Appendix 3 (Table A3.1) e.g. when the 

number o f hidden nodes =1, the learning rate was varied from 0.1 to 0.9. The number of 

hidden nodes was then increased to 2 and the process of varying learning rate between 0.1 

and 0.9 was repeated. This was then repeated for all possible learning rates until the 

number o f hidden nodes equalled 10. At all times during this exercise the momentum rate 

was constantly set at 0.2.

Figure 4.6 below shows the test sets generalisation errors obtained from this 

stepwise/optimisation approach and it was observed that the generalisation error increased 

as the learning rate increased. Therefore, the lowest generalisation error in each o f the 

plots was obtained when the learning rate was equal to 0.1. Figure 4.7 shows the lowest 

generalisation error obtained from the above calibration exercise i.e. the error 

measurements obtained when the learning rate was 0.1 for the various networks. The best 

performing network i.e. the one with the lowest error value, had 1 node in its hidden layer 

and a learning rate o f 0.1.

Learning rates below 0.1 were also explored and the generalisation error measurement after 

1000 epochs remained constant (Figure 4.8). Therefore, the best network to date had 1 

node in its hidden layer and its learning rate was equal to 0.1.
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Figure 4.6 Plot o f the test set generalisation error values measured when the 
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was equal to 0.1
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Figure 4.8 Plot o f the test set generalisation error values measured when there was 

1 node in the hidden layer and the learning rate was varied

4.4.2.3 Optimisation of the momentum rate

For the next series o f steps in the optimisation process the learning rate was fixed at 0.1 

and the momentum parameter was varied between 0.1 & 0.9. The resultant test set 

generalisation error plots are shown in Figure 4.9. It was observed that as the momentum 

rates increased so did the generalisation error measurements for the test cases. Figure 4.10 

compares the generalisation error values obtained when both the momentum and learning 

rates were 0.1 and the number o f nodes in the hidden layer was varied. Momentum rates 

below 0.1 were also examined when there was 1 node in the hidden layer and the learning 

rate was 0.1 (Figure 4.11). The test set generalisation error values were lowest when there 

was 1 node in the hidden layer, the learning rate was equal to 0.1 and the momentum rate 

was equal to 0.1. Therefore this was identified as the optimum network. From this point 

on the network trained to predict a patient’s warfarm dosage using the parameters listed in 

Table 4.1, will be referred to as the 16-1-1 NN (or NN no. 1).

In the results presented above it can be seen that the user’s choice o f network parameters 

such as hidden units, learning and momentum rates affect the networks overall 

performance.

78



Chapter 4

0 . 1 0  T - -

0.09  -

0.08o
0)
§  0.07

_  0.06 0) c 
<u

^  0.05  —
I

IHU 2HU 3HU 4HU SHU 6HU
0.04

7HU 8 H U  9HU lOHU

0.03  - ■ --------- 1-------------------  1------------------------------I -----------------------   1--------------------------------- 1---------------------------------- 1----------------------------------1

0.1 0.2  0.3 0.4  0.5  0.6 0.7  0.8  0.9
Momentum Rate

Figure 4.9 Plot o f the test set generalisation error values measured when there was 

1 node in the hidden layer and the momentum rate was varied between 
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Figure 4.11 Plot o f the test set generalisation error values measured when there was 

1 node in the hidden layer, the learning rate was set at 0.1 and the 

momentum rate was varied

4.4.2.4 Evaluation o f the 16-1-1 networks performance using k fo ld  cross validation

The k fold cross validation is a technique used to evaluate a network’s performance as 

described in Chapter 3 (Section 3.4.2). During this process, the optimum network is 

trained k times, each time with a different set/group o f cases withheld and the estimate o f 

the network’s performance is the mean of these k errors. This approach was used to reduce 

the network’s likelihood of over learning. The number o f test case scenarios withheld 

from the training set was 101 (-15%), this number was chosen because several references 

suggested using 10-20% of the total data as a test/validation set (Maclin et al. 1992; Erb 

1993; Likothanassis e/a/. 1995; Herman e/a/. 1999).

The configuration file used in this series o f experiments is shown in Appendix 3, Table 

A3.2. Each trial consisted o f a different training and test group o f patient case scenarios. 

The resultant generalisation plot from this exercise is shown in Figure 4.12.

The measured error values for the ANN using this technique were 0.0604 for the test data 

and 0.0523 for the training data after 1000 epochs. The overall mean generalisation error 

for all o f the test cases was 0.0628, which means that the existing network can predict a 

patient’s daily required dosage o f warfarin with an error measurement o f 6.3 (± 1.2)%.
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Figure 4.12 Generalisation error plots for the neural network trained and tested 

using a 10 fold cross validation procedure

The predicted warfarin dosage regimen in this section are the doses suggested by the 

networks for 101 test cases that were withheld from the training process. Figure 4.13 

shows a scatter plot of the doses predicted by the NN against those prescribed by the HCP 

for the 101 test cases scenarios. The absolute mean difference between the predicted and 

prescribed doses was 0.55 (±0.45) mg of warfarin daily and the correlation coefficient 

calculated between the two sets of parameters was r = 0.94 (p = 0.86, Cl 0.77 to 0.92, p < 

0.001). The correlation coefficient is a measure of linearity and the p coefficient (i.e. the 

slope of the regression line) represents the proportions of the variation in the observed 

values of y that can be explained by x. The intercept of the regression line (a) i.e. when x 

= 0, was y =0.87 (Cl = 0.55 to 1.2, p < 0.001). This indicates that the regression line does 

not encompass zero, which represents the fact that the NN over estimates the low dosages. 

As can seen from Figure 4.13, the network over estimates the low dosages and under 

estimates the higher dosages (Table 4.6).
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Table 4.6 Summary o f the analysis and linear regression values conducted on the 

16-1-1 NN and the 23-1-1 NN predictions.

Measurement 16-1-1 NN 23-1-1 NN

r 0.94 0.94

P 0.86 (Cl 0.77 to 0.92) 0.86 (Cl 0.80 to 0.92)

a 0.87 (Cl 0.55 to 1.2) 0.92 (Cl 0.59 to 1.3)

P <0.001 <0.001

Mean error 6.3 ± 1.2% 6.6 ± 1.2%

Absolute mean difference 0.55 ± 0.45 mg 0.57 ± 0.46 mg

Sum of squares differences 50.39 mg 54.72 mg

Mean sum of squares differences 0.50 mg 0.54 mg

4.4.2.S The use of ensemble techniques to improve the 16-1-1 networks performance

An alternative approach to evaluation of the networks performance was the ensemble 

method described in Chapter 3 (Section 3.4.3). In total, 5 NNs of the same architecture 

were built and trained on different subsets of training data. The same 101 patient 

encounters were withheld from the training process and were used to test the networks’ 

performances. The details relating to the data points used are listed in Appendix 3, Table 

A3.3.
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Simply averaging the outputs from the individual networks at each o f the 101 cases 

produced the ensemble error. Initially, ensembles o f networks with a structure o f 16-1-1 

were trained using the parameters in Table 4.1 to predict a patient’s warfarin dosage. The 

resultant ensemble absolute error o f 4.3% was calculated for the 101 test samples. In this 

problem domain (i.e. predicting the patient’s warfarin dosage), the ensemble process 

reduced the error measurement slightly, as the average error for each o f the 5 component 

networks was 4.4 ± 0.16% and the ensemble error was 4.3%.

4.4.3 Extending the input parameters to include a patients liver function test results

The LFT parameters listed in Table 4.2 were then included as additional inputs. These are 

parameters that would not normally be available to the prescribing HCP, but which may 

impact on a patient’s warfarin dosage (Chapters 1 and 2). The effect o f any additional 

input parameters (i.e. a patient’s LFT measurements) would be reflected by a change in the 

network’s performance i.e. generalisation error measurement.

The architecture o f the NN developed above i.e. 16-1-1 NN (Figure 4.4) was expanded to 

include the patient’s LFT parameters. A patient’s LFT profile consists of 6 measurements, 

but for the purpose o f this exercise, these 6 parameters had to be represented by 7 input 

variables/nodes, because the normal y-glutamyl transferase reference range for male and 

female patients is different. Therefore, the preliminary network architecture o f this new 

network had 23 input variables and 1 output variable i.e. a patient’s daily warfarin dosage.

The optimisation processes described in Sections 4.4.2.1, 4.4.2.2 and 4.4.2.3 were repeated 

for this task and the results are shovm graphically in Figure 4.14 and Figure 4.15 below. 

The optimum network architecture for the test cases was a 23-1-1 network (NN no. 2) i.e. 

the network had 23 input nodes, 1 node in the hidden layer, 1 output node and the 

momentum and learning rates were equal to 0.1 (Figure 4.16). Learning and momentum 

rates below 0.1 were also studied, but similar to previous results, the network began to over 

leam and the network’s performance decreased i.e. the generalisation error measurement 

increased.
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4.4.3.1 Evaluation of the 23-1-1 networks performance using k fold cross validation

The 23-1-1 network (NN no. 2) was subjected to the k-fold cross validation exercise 

described in section 4.4.2.4 above and the same training/test cases combinations detailed in 

Appendix 3, Table A3.2 was used. The resuhant generalisation error plot is shown in 

Figure 4.17. The derived error values in this scenario were 0.062 and 0.052 for the test and 

training data respectively after 1000 epochs. The mean generalisation performance error 

for the network was calculated to be 0.0655 i.e. the network can be trained to predict a 

patient’s daily warfarin dosage with an error measurement o f 6.6 ± 1.2 (mean ± S.D.) %.

The absolute mean difference between the predicted and prescribed doses for the 23-1-1 

NN was 0.57 (±0.46) mg of warfarin daily. Figure 4.18 shows similar findings to that

illustrated by the 16-1-1 NN (Figure 4.13) i.e. the NN over estimates the low dosages and 

under estimates the high dosages. Linear regression analysis conducted between the 

predicted and prescribed dosages resulted in values o f r = 0.94, P = 0.86 and a  = 0.92 being 

calculated (Figure 4.18 and Table 4.6).
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Figure 4.16 Diagrammatic illustration of a network architecture with 23 input 

parameters, 1 hidden node and 1 output parameter (23-1-1)
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Figure 4.17 Generalisation error plots for the neural network trained and tested 

using a 10 fold cross validation procedure, when a patient’s LET results 

were included in the input variables
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4.4.3.2 Evaluation using the ensemble methods

The ensembling exercise performed in section 4.4.2.5 for the 16-1-1 NN was applied to 

this the 23-1-1 NN. The structure o f the individual networks were 23-1-1 and an absolute 

error of 5.9% on the 101 test data points was derived when the networks were predicting a 

patient’s warfarin dosage. The ensemble process reduced the error measurement slightly, 

as the average error for each of the 5 component networks was 6.1 ± 0.14%. The use o f 

ensembles o f NNs to improve upon the error obtained from individual networks resulted in 

no significant improvement in the dosage prediction problem.

4.4.4 Feature Selection of the input variables

Feature Selection is a process whereby each o f the individual input parameters is omitted 

from the training and testing procedure one by one i.e. leaving out a different parameter on 

each run. The performance o f the network is then assessed by examining the 

generalisation error values. Feature Section was then applied to the 23-1-1 NN (NN no.2), 

and therefore during the process the NN structure used was one o f a 22-1-1 structure and 

the momentum and learning rates were both set equal to 0.1. The optimum network was 

determined by repeating the optimisation processes (23 times) described above, each time 

omitting one input parameter from the training data set. The generalisation error plots
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derived during these processes are shown in Figure 4.19 and the generalisation error values 

after 1000 epochs are shown for the test cases in Table 4.7.

As can be seen from Figure 4.19 and Table 4.7, when a patient’s previous dose was 

omitted from the input parameters, the resultant network error measurement increased from 

0.0618 to 0.1492. When a patient’s INR measurement parameter was omitted the resultant 

generalisation error value increased to 0.0712. Similarly, when a patient’s target INR 

parameter was omitted the resultant generalisation error value increased to 0.0672.

To determine if the omission o f any o f these parameters had a statistically significant effect 

on the networks performance the generalisation error values obtained from each network 

were compared with a network including all o f the input variables i.e. 23-1-1 network, 

using a paired t-test o f equal variance. The resultant p values when a patient’s INR 

measurement, target INR value and previous warfarin dosage were omitted resulted in 

statistically significantly different generalisation values (Figure 4.19) (p < 0.001) i.e. the 

performance o f the network decreased, when these three parameters were excluded.
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Table 4.7 The test cases generalisation error measurements after 1000 epochs

Parameter omitted Generalisation

error

Parameter omitted Generalisation

error

Previous warfarin 0.1492 Adverse events 0.0628

dosage

INR 0.0712 Smoking 0.0628

Target INR 0.0672 y GT female 0.0627

y GT male 0.0643 Alcohol 0.0627

ALT 0.0638 Compliance 0.0627

Aik Phos 0.0631 Gender 0.0625

Albumin 0.0630 No. of hours since last 0.0619

dose

Total Protein 0.0630 All parameters included 0.0618

Current Medication 0.0630 Height 0.0616

Duration of therapy 0.0629 Weight 0.0615

OTC Medication 0.0629 Marital status 0.0612

Total Bilirubin 0.0629 Age 0.0607

Methods are being developed in the Dept, of Computer Science to examine this issue and 

preliminary results using one such approach of NN automatically selecting the input 

parameters to predict a patient’s warfarin dosage are shown in Figure 4.20. This automatic 

selection process was repeated twenty times and the frequency at which each of the 

parameters were chosen are shown in Figure 4.20. A patient’s weight and previous dosage 

were the most important parameters in relation to a patient’s dosage. The least important 

parameter was ‘Adverse drug events’. This is not surprising, as only 45 (6.9%) of the 

phase 1 patient encounters were associated with any kind of adverse event, but the 

recording of such event is important in relation to warfarin therapy (Cunningham 2000c).
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Figure 4.20 Plot showing the relative importance o f each o f the parameters in the 

feature selection exercise (Cunningham 2000c)

4,4.5 Comparison o f the actual dose predicted by the Neural Networks to that 

prescribed by the health care practitioner

Ultimately a patients prescribed dosage is the concern of the prescribing HCP. The likely 

impact of the NN prediction’s on the actual dose a patient might receive was examined. 

This was undertaken by comparing the NN suggested dosage with that of the HCP in the 

AC.

4.4.5.1 Warfarin dosage predicted by the 16-1-1 network

The predicted warfarin dosage regimen in this section are the doses suggested by the 

networks for 101 test cases which were withheld from the training process. Figure 4.21 

shows a ranked/linear plot of the doses prescribed by the HCP and those predicted by the 

16-1-1 NN (NN no. 1) for the 101 test case scenarios. The sum of squared differences
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between the prescribed and predicted dosages of warfarin was calculated to be 50.39 mg 

(Table 4.6).

12
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Figure 4.21 Ranked plot of the prescribed and predicted dosage of warfarin

Bland and Altman in 1986 suggested that the divergence between two methods of 

measurement could be examined by plotting the differences (i.e. actual -  predicted) 

between the two measurements against the average of the two measurements (Bland et al.

1986). Figure 4.22 shows that the difference between the predicted and prescribed dosages 

are evenly scattered around the me£in difference, with some outlying values.

In practice, these predicted warfarin dosages would be rounded up or down to the nearest 

tablet or half a tablet. Therefore, the numbers of dose changes that would have resulted 

from the networks prediction were determined. To quantify whether a dosage change was 

to occur or not, was based on the following definition: “if the predicted dosage varied from 

the prescribed dose by more than or equal to 0.25mg warfarin daily”. This figure was 

chosen because the HCP’s in AMNCHs AC frequently altered patient’s dosages in 0.5mg 

increments.

Clinically the number of dose changes that would have resulted from the network’s 

predictions were as follows (n = 101):
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1. The 16-1-1 NN suggested 37 (36.65%) dosage reductions in the range o f 0.5 to 

2mg daily. Seven (18.9%) o f these patients presented at the clinic over 

anticoagulated.

2. No alteration in a patient’s dosage would have been made in 51 (50.5%) o f the 

encounters, but in 5 (5.0%) o f these cases patients were over anticoagulated and 

probably would have required a reduction in their dosage.

3. The 16-1-1 NN suggested that 13 (12.9%) o f the patient’s dosages should be 

increased. These daily dosage increases ranged from 0.5mg (n= 5) to 2mg (n=l), 

but in 5 (5.0%) o f these scenarios the patients were already over anticoagulated and 

probably would have required a reduction in their dosage.

4. To summarise, 10 of the 101 predictions (9.9%) would have been deemed 

inappropriate by a HCP, but the remaining 91 (90.1%) were deemed appropriate.
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Figure 4.22 Bland and Altman plot of difference against mean for the 16-1-1 NN 

4.4.5.2 Warfarin dosage predicted by the 23-1-1 network

The neural network’s predicted dosages when a patient’s LFT data were included in the 

input parameters were compared to the prescribed daily dosages of the HCP (Figure 4.23). 

The sum o f squares differences between the two sets o f dosages was 54.72 mg (Table 4.6). 

Figure 4.24 shows similar findings to that illustrated by the 16-1-1 NN (Figure 4.22) i.e. 

the differences between the two dosages are evenly distributed around the mean difference 

with identical outUers.
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Clinically the number of dose changes that would have resulted using the same definition 

as in Section 4.4.5.1 above from this network’s predictions were as follows:

1. The 23-1-1 NN suggested 40 (39.60%) dosage reductions > 0.5mg daUy of 

warfarin. Seven encounters similar to the to the 16-1-1 NN above resulted in a 

dosage reduction for patients with high INR reading i.e. patients were over 

anticoagulated.

2. In 48 (47.5%) cases no alteration would have occurred because either no dosage 

change was suggested or the dosage alteration was less than 0.5mg of warfarin.

3. A total of 13 (12.9%) of the NN predictions suggested increasing a patient’s daily 

dosage. Five (38.5%) of these cases (the same 5, as in the 16-1-1 NN) were akeady 

over anticoagulated, and such increases were deemed inappropriate by the HCP. 

Three (7.9%) of the increases were for under anticoagulated patients and the 

remaining 5 were for patients with therapeutic INR readings.

4. To summarise, 5 (5.0%) of the 23-1-1 NN predictions were deemed to be 

inappropriate by the HCP and the remaining 96 (95%) were considered appropriate.
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Figure 4.23 Ranked plot of the prescribed and predicted dosage of warfarin 

including all 23 parameters for the 101 test case scenarios
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Figure 4.24 Bland and Altman plot o f difference against mean for the 23-1-1 NN

In both Figure 4.22 and Figure 4.24 the 16-1-1 and 23-1-1 NN had the same five outliers.

Upon closer examination of these cases the following conclusions were drawn:

1. In two (numbers 1 and 3 in Figure 4.24) of the cases the patients’ dosage had been 

stopped by the HCP, but both NNs suggested continuing the old dosage

2. Two patients (numbers 2 and 4 in Figure 4.24) receiving warfarin with a desired 

therapeutic range of 3.0-4.5. In both situations the NNs suggested a reduction in 

the patients’ dosage. The HCP reduced the dosage in one of the cases because the 

patient’s measured INR value was 5.0. The other patient’s INR reading was 4.2 i.e. 

therapeutic.

3. Number 5 in Figure 4.24, the patient had been commenced on new medication 

(carbamazepine), which resulted in the INR measurement decreasing. Both NNs 

suggested increasing the patient’s dosage, but not to the same extent as the HCP.

The 16-1-1 NN (NN no. 1) seemed to perform marginally better than the 23-1-1 NN (NN 

no. 2) (Table 4.6). The 16-1-1 NN suggested fewer dose changes than the 23-1-1 NN (50 

vs. 53) and the sum of squares differences between the prescribed dosages and the 

predicted dosages was less for the 16-1-INN (50.39mg vs. 54.72mg). Overall, very little 

difference existed between the two networks and both will be evaluated further in Chapter 

5.
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4.4.6 Using neural networks to predict the patients INR following a given dosage

In sections 4.4.2 to 4.4.5 the aim was to establish the ability of NNs to predict a patient’s 

warfarin dosage i.e. to leam/model the behaviour of the HCP in the field of 

anticoagulation, although one cannot assume that the prescribing HCP is correct in their 

decision as the INR data reflect patient’s only spend -50% of their time in their desired 

therapeutic ranges (this and will be discussed in Chapter 6, Section 6.4.2). A more 

clinically relevant prediction would be if NNs were able to predict a patient’s INR 

measurement i.e. a laboratory measured parameter reflecting therapy. The purpose of this 

section was to train a NN to predict a patient’s INR measurement (Figure 4.2). The input 

parameters used were identical to those used in the dosage prediction problem (Table 4.1), 

except the measured INR value in this domain problem became the desired output 

parameter and therefore number of input parameters decreased to 15.

4.4.6.1 Development o f a Neural Network to predict a patient’s INR

A  NN with 15 input nodes and 1 output node (i.e. a patient’s measured INR value) was 

constructed and the optimisation process described in Sections 4.4.2.1, 4.4.2.2 and 4.4.2.3 

were repeated using this current input/output variable combination. The resultant plots 

from the initial optimisation processes are shown in Figure 4.25, Figure 4.26 and Figure 

4.27. The network architecture that performed best had 1 node in the hidden layer and 

momentum and learning rates of 0.1. Learning and momentum rates below 0.1 were also 

explored, but the generalisation error measurement increased i.e. the network’s 

performance started to decrease. Figure 4.28 below shows the structure of the optimised 

15-1-1 NN(NN no. 3).
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re 4.25 Plot o f the test set generalisation error values measured when the 

number o f nodes in the hidden layer varied
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Figure 4.26 Plot o f the test set generalisation error values measured when there was 

1 node in the hidden layer and the learning rate was varied
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Figure 4.27 Plot of the test set generalisation error values measured vt'hen there was 

1 node in the hidden layer and the momentum rate was varied

Input layer

Hidden layer

Output layer

Figure 4.28 Diagrammatic illustration o f a network architecture with 15 input 

parameters, 1 hidden node and 1 output parameter (15-1-1)
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4.4.6.2 Evaluation o f the 15-1-1NN performance using k fo ld  cross validation

A k fold (k = 10) cross validation exercise was applied to this 15-1-1 NN (NN no. 3) using 

a similar configuration to that listed in Appendix 3 Table A3.2. The resultant mean 

generalisation error on the 101 test case scenarios was calculated to be 8.4% (Figure 4.29). 

Thus the 15-1-1 NN can predict a patient’s INR measurement to within 8.4%
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Figure 4.29 Generalisation error plots for the neural network trained and tested 

using a 10 fold cross validation procedure, when the output variable 

was used to predict a patient’s INR (network structure 15-1-1)

4.4.6.3 Evaluation of the 15-1-1 NN performance using ensemble methods

Also the ensemble techniques were used here to try and improve upon the networks 

performance. The relevant alterations were made to the configuration file (Appendix 3, 

Table A3.3) and an absolute error measurement of 8.8% on the 101 test data points was 

measured. The diversity in the error measurement of the five component networks was 

also small (8.9 ± 0.11%). Little scope for improvement by the ensembling process existed. 

The generalisation error measurements calculated in this scenario are higher than those 

derived during the dosage prediction scenario (6% vs. 8%).
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4.4.6.4 Development o f a Neural Network to predict a patient’s INR including the LFT 

parameters

The scenario o f  predicting a patient’s INR was repeated including the LFT measurements 

in the input parameters (Table 4.2). The optimisation o f the number o f hidden nodes, 

learning and momentum rates was repeated for this situation and the resultant 

generalisation error measurements are shown graphically in Figure 4.30, Figure 4.31 and 

Figure 4.32. The generalisation error measurement was lowest when there were 4 nodes in 

the hidden layer (Figure 4.30) and learning and momentum rates o f 0.1 i.e. a 22-4-1 

structure (NN no. 4) (Figure 4.33).

Interestingly, the inclusion of the LFT parameters in the INR prediction problem resulted 

in the optimum network having 4 nodes in it’s hidden layer, whereas when the LFT 

parameters were excluded the optimum network had one node in its hidden layer i.e. 15-1- 

1 NN (NN no. 3) (Figure 4.28). In the warfarin dosage situation, the optimum network 

was the same in both scenarios. This more elaborate network structure suggested that this 

problem was more complex than problems examined previously i.e. more interconnections 

are required by the NN to map the input/output variables.
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Figure 4.30 Plot of the test set generalisation error values measured when the 

number of nodes in the hidden layer was varied
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Figure 4.31 Plot o f the test set generalisation error values measured when there 

were 4 nodes in the hidden layer and the learning rate was varied
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Figure 4.32 Plot o f the test set generalisation error values measured when there 

were 4 nodes in the hidden layer and the momentum rate was varied
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Input layer

Hidden layer

Output layer

Figure 4.33 Diagrammatic illustration o f a network architecture with 22 input 

parameters, 4 hidden nodes and 1 output parameter (22-4-1)

4.4.6.5 Evaluation of the 22-4-1NN performance using k fold cross validation

A 10-fold cross validation exercise was carried out for this scenario and the only alteration 

made to the configuration file detailed in Appendix 3 Table A3.3 was to the effect that 

there were 4 hidden units and 22 input variables. The resultant mean generalisation error 

of 0.0837 (i.e. 8.4%) was measured for the 101 test cases (Figure 4.34).
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Figure 4.34 Generalisation error plots for the neural network trained and tested 

using a 10 fold cross validation procedure, when the output variable 

was used to predict a patient’s INR

4.4.6.6 Evaluation of the 22-4-1 NN performance using ensemble methods

The ensemble exercise was also repeated for this scenario. The outcome o f the ensembling 

exercises resuhed in absolute error values o f 8.8%. The diversity between the five 

component networks were smaU 8.9 ± 0.16% (p=0.09). Therefore, ensembling the output 

predictions did not increase the network’s performance.

4.4.7 Comparing the INR predicted by the Neural Networks and those measured in 

the Laboratory

A comparison o f the NN predicted INR with the actual INR measurements obtained for 

each of the study patients, will enable the accuracy o f the NN predictions to be determined. 

When prescribing warfarin, the prescriber aims for a particular target INR value, which is 

dependent upon the condition being treated (Chapter 1, Table 1.4). The target INR, which 

the physician expects to achieve can be compared with the actual INR values measured for 

the individual patients.
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4.4.7.1 INR predicted by the ANN L e. 15-1-1 architecture

When NN no. 3 was trained to predict a patient’s INR measurement using the parameters 

listed in Table 4.1, the resultant test set predictions o f INR measurements for the 101 test 

case scenarios withheld from the training process were compared with the respective 

laboratory INR measurements. Figure 4.35 below shows a plot o f the frequency 

distribution o f the measured and predicted INR values. In this situation it is apparent from 

the graph that the NN failed to predict the high INR values and predicted more INR 

measurements in the range of 2.0 -3 .0  INR. The sum of squares differences calculated in 

this scenario was 261.5 INR units (Table 4.8). The resultant INR predictions for the 101 

test cases were compared with the actual laboratory measured INR values using a paired 

sample t-test. A p = 0.37 was calculated indicating that no statistical difference existed 

between the mean NN predicted INR values and the mean measured for the patients in the 

AC.
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Figure 4.35 Plot o f the frequency distribution o f the measured and predicted INR  

values by the 15-1-lN N
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Table 4.8 Summary of the analysis values conducted on the 15-1-1 NN and the 

22-4-1 NN predictions.

Measurement 15-1-1 NN 22-4-1 NN

Sum of squares differences 261.50 INR units 147.70 INR units

Mean sum of squares differences 2.59 INR units 1.46 INR units

When the differences in the data (i.e. actual -  predicted) were plotted against the average 

of the two measurements in Figure 4.36 (Bland et al. 1986), it becomes apparent that as the 

X values increase so does y i.e. the difference between the measured and predicted value is 

larger, therefore the 15-1-1 NN (NN no. 3) underestimates the actual patient’s INR 

measurements i.e. the NM fails to predict patient’s high INR measurements.
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Figure 4.36 Bland and Altman plot of difference against mean for the 15-1-1 NN 

INR data

When the outlying values in Figure 4.36 were examined in closer detail, 3 out of the 4 

values under estimated were for mechanical heart valve patients. The patient’s actual INR 

measurements were 5.2, 6.2 and 6.4. The NN predicted these patients’ INR values to be of 

2.2, 2.7 and 2.3 respectively (all of the readings were elevated due to the concurrent 

consumption of alcohol). The fourth under predicted INR measurement was for a patient 

with a PE who had started on an antibiotic. This patient’s INR was 8.7 and the NN
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predicted value was 2.2. Similarly, the NN over predicted 2 patients INR readings. Both 

patients had consumed alcohol in the week prior to the clinics and the NN predicted that 

their measurements would be 5.1 and 5.2, whereas the actual INR readings were 1.6 and 

1.4 respectively.

Clinically, the difference between the actual INR measured and predicted was examined 

and plots o f the frequencies where the network under predicted/over predicted a patients 

INR measurement is shown in Figure 4.37. The 15-1-1 networks predictions were:

1. 23 (22.8%) o f the nets predictions were correct i.e. the difference was zero.

2. 16 (15.8%) o f the predictions over estimated patient’s INR measurements by 

greater than 1.0 INR units.

3. 19 (18.8%) o f the predictions under estimated patient’s INR measurements by more 

than 1.0 INR

4. 43 (42.6%) o f the NN predictions were within 0.5 INR of the actual measured 

value.

5. 21 (21.8%) o f the patients attended the clinic with INR less than 2.0 INR units, but 

the NN, did not predict any values less than this values. 9 (8.9%) patients also

presented to the clinic with INR greater than 4.5 and the NN predicted that 2 of

these patients would have INR reading greater than 4.5.

6. To, summaries 66 (65.3%) o f the 15-1-1 NN predictions were correct or with 0.5 

INR units o f  the actual values measured.

105



Chapter 4

30 .

25

Over predicted Under predicted

-3 -2.5 -2 -1.5 -I -0.5 0 0.5 I 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6

INR units

Figure 4.37 The frequency o f over/under predicting a patients INR reading for the 

15-1-1 net

4.4.7.2 INR predicted by the NN including all input parameters i.e. 22-4-1 architecture

The INR predictions for the 101 test cases from the 22-4-1 NN (NN no. 4) were compared 

with the actual laboratory measured INR values using a paired sample t-test. No statistical 

difference existed between the mean predicted and actual INR values measured (p = 0.11). 

Figure 4.38 below shows that this NN predicted the majority o f INR measurements in the 

2.0 - 3.0 INR target range and again failed to predict patient’s high INR reading. The sum 

of squares differences between the actual and predicted values in this scenario was equal to 

147.7 INR units (Table 4.8) (this is closer than the 15-1-1 NN sum of squared differences 

261.5 INR units). The Bland and Altman plot indicated that the NN underestimates INR 

measurements, while slightly over estimating lower readings (Figure 4.39).
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The outliers in Figure 4.39 above were also scrutinized. Two o f the over predicted INR 

cases were the same as in Figure 4.36 i.e. the PE patient and the patient with a mechanical 

heart valve. The third case was again a mechanical heart valve patient whose measured 

INR reading was 8.9 INR units and the NN had predicted the reading to be 2.8. This 

patient admitted to consuming more alcohol than normal in the week prior to their clinic 

visit. The NN also over predicted 2 patients’ INR by more than 2 standard deviation units. 

Both patients were mechanical heart valve patients and their predicted INR values were 3.5 

and 3.4, whereas their actual values were 1.8 and 2.0 respectively. In these situations no 

explanation was identified for the low INR readings.

Clinically the difference between the actual and predicted INR measurements were studied 

and a plot o f the frequency with which the NN under/over predicted a patient’s INR values 

is shown Figure 4.40:

1. 16(15.8%) o f the network’s predictions were correct i.e. the difference was zero.

2. 18 (17.8%) of the NN predictions over estimated the patient’s INR measurement 

by 1.0 or more INR units.

3. 18 (17.8%) of the NN predictions under estimated the patient’s INR measurement 

by 1.0 or more INR units.

4. 49 (48.5%) o f the NN predictions were within 0.5 INR units o f the actual 

measured value.

5. 21 (21.8%) of the patients attended the clinic with INR less than 2.0 INR units, but 

the NN, did not predict any values less than 2.0 INR units. 9 (8.9%) patients also 

presented to the clinic with INR greater than 4.5 and again the NN did not predict 

any values greater than 4.5 for these test patients.

7. Therefore, 65 o f the 22-4-1 NN (NN no. 4) predictions were correct or with 0.5 

INR units o f the actual values measured.
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Figure 4.40 The frequency o f over/under predicting a patients INR reading for the 

22-4-1 net

Overall, both the 15-1-1 and the 22-4-1 NNs had a similar number o f their predictions 

either correct or with 0.5 INR units o f the patient’s actual measured values, but the sum of 

squares differences between the two measurements is smaller for the 22-4-1 NN than for 

the 15-1-1 NN (147.7 vs. 261.5). Therefore the inclusion o f a patient’s LFT parameters 

when a NN is trained to predict a patient’s INR measurements seems to aid the prediction 

process, but both NN will be evaluated fiarther with phase 2 data in Chapter 5.

In both o f the NNs INR predictions to-date it was observed that the NNs tended to under 

predict the high INR values i.e. the predictions were conservative. This can be explained 

partially by the relatively small number o f high INR values in the training set (Figure 4.41) 

i.e. the training data is skewed in relation to it’s INR measurements. The NN can only 

learn from the information presented to it during the training process, therefore it’s ability 

to predict high INR values is poor. If  more abnormally high INR values were included in 

the training set, one would expect the NN to perform better. The NNs inability to predict 

these outliers could be considered a significant concern, but the prescribing HCP also was 

not able to predict such scenarios and the networks prediction capability may have been 

improved if a larger training data set had been available (see section 5.4.2).

109



Chapter 4

40 ,
35 r---------------

30 ^

1 2 3 4 5 6 7 8 9

I NR v a l u e s

Figure 4.41 Distribution of INR values in the training data (n = 555)

The boxplot in Figure 4.42 compares the measured INR values with the predictions from 

both NNs. As previously mentioned the networks predictions were more conservative than 

the actual INR values measured. The outlier in the laboratory measured INR boxplot were 

not matched by either o f the NNs. The boxplot displays and compares the distribution o f a 

variable across several groups. This plot is composed of several parts:

1. The box depicts the central half of the data roughly between the 25% and 75%.

2. The line across the box displays the median value.

3. The whiskers extend from the top and the bottom of the box to depict the extent of 

the main body o f the data and

4. Extreme values are plotted with a circle.

5. Very extreme data values are plotted with a starburst.
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4.4.8 Evaluation of the NNs predictions versus the prescribing HCP

The 101 INR predictions for the test data can be compared with the target INR values i.e. 

the desired INR value the prescriber had in mind as a target, when deciding on a specific 

dose o f warfarin for each individual patient. Figure 4.43 below illustrates the mean 

physicians’ INR predictions and the NNs mean INR predictions compared with the actual 

INR values. The absolute physicians’ INR predictions’ were on average 1.05 INR units 

away from the desired INR value and the absolute difference between the 15-1-1 networks 

INR prediction and the actual INR values were on average 0.79 INR units. When the LFT 

measurements were included in the input parameters (i.e. the 22-4-1 NN) its predictions 

were on average 0.75 INR units away from the actual patient’s INR. Using a paired 

sample t-test one can conclude that the network’s predictions were significantly closer to 

the desired patient’s INR measurement than those of the physician (p < 0.001).
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Figure 4.43 Plot o f differences between the physician’s INR prediction and the 

desired INR value and the neural networks INR prediction (including 

and excluding LFT measurements) and the desired INR values.

Figure 4.43 above illustrates that the ANN predictions are most accurate for INR values 

around 2.75. Above this value both the ANN and physician underestimate INR values and 

below this they over estimate the patient’s INR measurement. This can be explained by 

the skewed INR data used to train the two networks (Figure 4.41). Thus from our findings 

summarised in Figure 4.43 a NN trained with skewed distribution o f input variables is 

biased towards the dominant values e.g. INR values around 2.25-2.75 (Figure 4.41). When 

values in the test cases are poorly represented in the training data the NN tends to 

over/under estimate towards the mean o f the training data, but the prescribing HCP also 

seems to follow these trends.

4.5 Summary

NNs were trained and tested to predict either a patient’s daily warfarin dosage or INR 

measurement. In the results presented above it can be seen that the choice o f the network 

parameters such as the number o f hidden units, learning and momentum rates affects the 

network’s performance.
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It was shown that a NN could be trained to predict a patient’s warfarin dosage with an 

accuracy o f ~6% although some outliers existed in these predictions (Figure 4.22 and 

Figure 4.24). Similarly a NN could be trained to predict a patient’s INR measurement. 

This network was less precise in its predictions (~8%) than the dosage network. It was 

found that the NNs predicting a patient’s INR measurements did so better than the 

prescribing HCP. The INR data used to train this latter group of networks was skewed and 

therefore the NNs prediction seemed to be biased towards the more frequently occurring 

INR values. In Chapter 5, an additional 100 patients will be studied. The impact o f 

doubling the number o f cases on the accuracy o f the NNs predictions will also be 

examined. These 100 additional patients will be used to test the existing trained networks 

and their performance will be evaluated. The performance o f Trajan® to predict a patient’s 

warfarin dosage and INR measurement will also be examined.
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5 Chapter Five

Phase 2 Data Collection and Testing the Accuracy of the Neural 

Networks Predictions

5.1 Introduction

In Chapter 4 the performance of different NNs was examined and different network 

architectures were optimised for the two potential roles using phase 1 data collected from 

patients attending the AC of AMNCH (Figures 4.1 & 4.2). In the course of this chapter, 

phase 2 data, collated between October 1999 and July 2000, was used initially to evaluate 

the performance of the networks created in Chapter 4 and also to expand the number of 

cases assigned to the training set, in order to further improve the NN performance at 

predicting patient warfarin dosage and INR measurement.

Trajan a commercially available NN package was also purchased during the latter part of 

this research and the opportunity arose to explore the possibilities of using this package to 

solve the two problems i.e. warfarin dosage and INR measurement (Figures 4.1 & 4.2). In 

the later stages of this chapter the predictions of a patient’s daily warfarin dosage and INR 

measurements are examined using Trajan®.

5.2 Aims

The overall aim of this modelling process was to develop a NN that could predict a 

patient’s warfarin dosage/INR measurement. The aims of this chapter therefore are to:

1. Assess the accuracy of the NNs predictions on new cases presented to the 

previously trained networks (from Chapter 4),

2. To increase the number of training cases available to the NNs and to assess the 

networks’ performance and

3. To evaluate the use of Trajan® NNs to predict either a patient’s daily warfarin 

dosage or their INR measurement.

114



Chapter 5

5.3 Methods
5.3.1 Data Collection in Phase 2 -  Parameters measured

The second phase of the study was similar to the first phase (See Section 4.3) except the 

study period ran irom 1** October 1999 to 31** July 2000 and any patients that had taken 

part in phase 1 were automatically excluded fi'om participating in phase 2. The data 

collection form used during phase 1 was used to collect the necessary information for 

phase 2 patients (Appendix 1).

5.3.2 Data Preparation - Normalisation of data into the necessary format

In order for the collated data (i.e. phase 1 {656 encounters) and 2 ( 737 encounters) data) to 

be inputted into the NNs it had first to be pre-processed (See Section 4.3.6 and 4.3.7). This 

pre-processing involved normalising the combined data, identical to that already described 

in Chapter 4. The normalised information was saved as a tab delimited ‘*.txt’ file, which 

was later converted into a data format file ‘*.dat’, for use in the NNTCD programme and 

the optimal NN architecture used in this chapter was optimised using both phases 1 and 2 

data combined were indicated.

When the data was used by the Trajan® software, pre-processing of the information was 

not necessary. In this case the data was imported to Trajan® directly fi-om an Excel® 

spreadsheet and the software package automatically normalised the information before 

using it to train NNs.

When the two sets of information i.e. phases 1 & 2 were combined, a total of 1,393 case 

scenario/patient encounters were included in the dataset. InitiaUy the entire phase 2 data 

set was presented to the previously trained NNs (i.e. NN nos. 1, 2, 3 and 4)(Chapter 4) and 

their performance was evaluated. Secondly, NNs were trained using 1,000 patient 

encounters in the training set and 393 patient encounters in the test set i.e. to see the effect 

of nearly doubling the training set on the NNs performance.

5.3.3 Data analysis

SPSS® version 10.0 and Datadesk® version 6.0 were used to carry out relevant statistical 

tests. All statistical tests were conducted with a 95% confidence interval i.e. p< 0.05.
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5.4 Results and Discussion
5.4.1 Phase 2 data entirely as a test database

As stated in Chapter 4 (section 4.3.2), once it became apparent that the study was to be 

divided into two phases. The data collected during phase 2 o f the study was used as a 

test/validation set, from which the accuracy o f the network previously built and trained in 

Chapter 4 could be validated (i.e. NN nos. 1, 2, 3 and 4). The following sections give the 

results obtained when phase 2 data was presented to the previously trained NNs and the 

resultant predictions o f patients’ dosages/INR values were compared with the actual values 

prescribed/measured.

5.4.1.1 Evaluation of the 16-1-lNN dosage predictions for the phase 2 patients

The 16-1-INN (NN no. 1) trained using phase 1 data in Chapter 4 to predict a patient’s 

daily warfarin dosage (mg) was evaluated using the entire phase 2 database (NN no. la). 

During this process the learning and momentum rates were equal to 0.1 and a 5 fold cross 

validation process was used (Appendix 3, Table 3.4). The networks’ resultant predictions 

for the phase 2 patients are compared with prescribing HCP in Figure 5.1, Figure 5.2 and 

Figure 5.3.
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Figure 5.1 Linear plot of the prescribed and predicted dosage of warfarin for 

phase 2 cases using the 16-1-1 NN (NN no. la)
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The calculated correlation coefficient showed a linear relationship between the two 

parameters i.e. predicted and prescribed dosages of warfarin (r = 0.89) (Table 5.1), but the 

(3 coefficient decreased from 0.86 in Table 4.6 to 0.74 (p=0.000, CI== 0.71 to 0.77) in 

Figure 5.1. This reduction in the slope of the line is due to the increase of the number of 

test cases i.e. a decrease in the 16-1-1 NN performance is observed. This decrease in the 

16-1-1 NN performance is illustrated in Figure 5.2 and in the Bland and Altman plot 

(Figure 5.3). These diagrams illustrate an increase in the NNs variability and also show 

many outliers above and below the mean ± 2 SD. Indicating that more variability exists 

between the two groups of data (i.e. phase 1 and phase 2) and that the 16-1-lNN trained on 

phase 1 data solely cannot handle the phase 2 data as well.

Table 5.1 Summary of the analysis and linear regression values calculated for the 

16-1-1 NN (NN no. la) and the 23-1-1 NN (NN no. 2a) predictions 

(entire phase 2 database)

Measurement 16-1-1 NN 23-1-1 NN

r 0.89 0.89

P 0.74 (Cl 0.71 to 0.77) 0.74 (Cl 0.71 to 0.77)

a 1.42 (Cl 1.26 to 1.57) 1.43 (Cl 1.28 to 1.58)

P <0.001 <0.001

Mean error 4.8 ± 1.5% 4.8 ± 1.4%

Absolute mean difference 0.74 ± 0.95 mg 0.75 ± 0.95 mg

Sum of squared differences 1067.25 mg 1079.71 mg

Mean sum of squared differences 1.45 mg 1.47 mg

5.4.1.2 Evaluation o f the 23-1-1 NN dosage predictions for the phase 2 patients

The performance of the 23-1-1 NN (NN no.2) developed in Section 4.4.3 was evaluated 

using the entire phase 2 dataset (NN no. 2a). The network had 23 input nodes, 1 hidden 

node and 1 output node. It’s momentum and learning rates were equal to 0.1. The NN was 

trained using phase 1 data to predict a patient’s daily warfarin dosage (mg) (Appendix 3, 

Table A3.5). The results of the network predictions were compared with those of the 

prescribing HCP in Figure 5.4 and Figure 5.5. The Bland and Altman Plot (Figure 5.6) 

shows that differences between the NNs predictions and the dosage prescribed by the HCP 

is more variable and again indicates that the 23-1-INN (NN no. 2a) did not handle the 

phase 2 data was well as the phase 1 data in Chapter 4 (NN no. 2). These plots indicate
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that both study groups were different and the stability o f these patient’s anticoagulant 

therapy will be examined in more detail in Chapter 6.

The linear regression values calculated for the 23-1-1 NN (NN no. 2a) are summarised in 

Table 5.1 above. The regression coefficient in Figure 5.4 (P = 0.74) was smaller than that 

in Figure 4.18 (p = 0.86), but one would expect the network’s performance to decrease 

slightly for two reasons:

1. The network was tested on more cases than were used to train it (737 vs. 

656)and

2. These cases are completely new scenarios that have not been presented to 

the network previously.
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5.4.1.3 The clinical implications of these dosage predictions

The mean warfarin dosage predicted by the 16-1-1 NN (NN no. la) for the 737 cases was

5.03 ±2.15, mg compared to the mean prescribed warfarin dosage of 4.88 ± 2.58 mg. The 

mean predicted dosage by the 23-1-1 NN (NN no. 2a) was identical to that of the 16-1-1 

network (i.e. 5.03 ± 2.15 mg of warfarin daily). The absolute mean differences between 

the prescribed and the predicted dosages of warfarin for NN no, la and NN no. 2a were 

0.74 ± 0.95 and 0.75 ± 0.95 mg daily of warfarin respectively (Table 5.1).

When the predicted dosages by both NNs were compared statistically with the HCP 

prescribed dosages using a paired sample t-test of equal variance, p values < 0.001 (CI=-

0.24 to -6.321x10'^) were calculated indicating that the predicted and prescribed dosages 

are statistically significantly different. A paired t-test comparing both of the predicted 

dosages (i.e. the 16-1-lNN to the 23-1-lNN) returned a p value of 0.296 (CI=-3.43x10'^ to 

1.13x10'^). Therefore, no statistical difference existed between the networks predicted 

warfarin dosage when a patient’s LFT parameters were included (NN no. 2a) or omitted 

(NN no. la) Irom the input variables. The p and r coefficients were the same and the mean 

sum of squared differences was marginally higher for the 23-1-lNN than for the 16-1-1 

NN (1.47mg vs. 1.45mg) (Table 5.1).

Figure 5.1 and Figure 5.4 also show that the networks under predicted high dosages and 

over predicted lower dosages, similar to the findings in Figures 4.13 and 4.18.

The numbers of dose changes that would have resulted fi’om the networks predictions were 

determined using the previously defined dosage change definition stated in section 4.4.5

1.e. “if the predicted dosage varied fi'om the prescribed dose by more than or equal to 

0.25mg warfarin daily”. A prediction was classified as inappropriate if the NN suggested 

increasing a patient’s dosage and that patient was already in an over anticoagulated state as 

per their target INR values. Similarly, if the NN suggested reducing a patient’s dosage and 

the patient was already under anticoagulated, this prediction was also deemed 

inappropriate.
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The number of dose changes that would have resulted from the 16-1-lNN (NN no. la) 

were as follows (Figure 5.7):

1. The 16-1-1 NN suggested 327 (44.4%) increases in patients’ dosages, ranging from 

0.5mg to 6.5 mg of warfarin per day. Of these 28 (8.6%) were considered to be 

inappropriate because the patients had presented in an over anticoagulated state.

2. The 16-1-1 network suggested no dosage alteration i.e. it agreed with the 

prescribing HCP for 212 (28.8%) cases, 11 (5.2%) of which could have been 

considered inappropriate because the patients were over anticoagulated.

3. The 16-1-1 NN suggested reducing the dosage for 197 (26.7%) of the patient 

scenarios. Of these 33 (16.8%) were already associated with low INR readings and 

therefore would be classified unsuitable suggestions.

4. To summarise, the 16-1-1 NN suggested 72 (9.8%) inappropriate dosages, but the 

remaining 665 (90.2%) were considered appropriate.
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I'he number of dose changes that would have resulted from the 23-1-INN (NN no. 2a) 

were as follows (Figure 5.8):

1. The 23-1-1 NN suggested increasing the patients’ dosage in 329 (44.6%) of the 

scenarios. Thirty three (10.0%) of these were for patients that presented in an over 

anticoagulated state i.e. whose INR were greater than their upper target range.

2. The network suggested no dosage alteration (in comparison to the HCP) for 208 

(28.2%) patients, 7 (3.4%) of which could have been described as inappropriate as 

the patients were over anticoagulated.

3. The 23-1-1 NN recommended 200 (27.1%) reductions for patients, 36 (18%) of 

which would be considered inappropriate.

4. To summarise the 23-1-1 NN suggested 76 (10.3%) inappropriate warfarin dosages, 

but the remaining 89.7% were appropriate.
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Figure 5.8 Frequency of dosages alterations suggested by the 23-1-1 NN (NN no. 

2a)
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When the outlying cases, where the predicted and prescribed dosages varied by greater 

than 4 mg o f warfarin daily, were examined in greater detail the following information was 

observed:

1. 3 o f the patients had their warfarin therapy stopped by the prescribing HCP but 

both the NNs were recommending their previous dosage be continued.

2. 1 patient reported excessive alcohol intake and the prescribing HCP stopped their 

warfarin. Both NNs suggested reducing the patients daily warfarin dosage, but not 

to the same magnitude as the prescribing HCP.

3. 2 patients were having dental treatment and their warfarin was stopped by the 

prescribing HCP, but both NNs suggested that therapy should continue at the 

previous dosages.

Overall both the 16-1-lNN (NN no. la) and the 23-1-lNN (NN no. 2a) predicted ~ 86% of 

the patient’s dosages within Img o f the prescribing HCP, but the question as to whether the 

dosage prescribed by the HCP was correct or not is still unanswered. Although in Figure 

5.1 and Figure 5.4 it is apparent that both NNs overestimate low warfarin dosages and 

underestimate high dosages. Perhaps some form o f constraint could be inbuilt into the NN 

predictions to overcome this problem.
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5.4.1.4 Evaluation of the 15-1-1NN predictions of INR measurements for phase 2

The 15-1-1 NN developed in Section 4.4.6 (NN no. 3) was trained to predict a patients’ 

INR measurement using the 5 fold cross validation sets similar to those used in Sections 

5.4.1.1 and 5.4.1.2 above. The network was tested on the entire phase 2 dataset and Figure 

5.9 shows a frequency distribution plot o f its predictions (NN no. 3a) compared with the 

actual measured INR values for the phase 2 patients. The Bland and Altman plot o f this 

NNs prediction (Figure 5.10) shows that as the patient’s INR measurements increase, the 

NNs ability to predict these high INR values decreases.

The mean difference between the measured and 15-1-1 NNs (NN no. 3a) predicted INR

values was 0.021 (± 0.91) INR units and a paired t-test returned a p value o f 0.535 (CI=-
2 24.5x10' to 8.66x10'). This indicated that there was no statistical difference between these 

two sets o f measurements, although the variability is quite high between the two groups i.e. 

the predicted INR values are o f a narrower range than the measured values and the 

standard deviation in the measured INR value is twice the deviation in the predicted 

values. The sum o f squared differences between the two measurements was 610.64 INR 

units (Table 5.2).

O
c
3
cr

F r e q u e n c y  M e a s u r e d

INR va lue

- Pr ed ic t ed  INR 15-1-1

■ ^

10 11 12 13

Figure 5.9 Plot of the frequency distribution of the measured and predicted INR 

values by the 15-1-1 NN for phase 2 patients (NN no, 3a)
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Table 5.2 Summary of the analysis values conducted on the 15-1-1 NN and the 

22-4-1 NN predictions

Measurement 15-1-1 NN (NN no. 3a) 22-4-1 NN (NN no. 4a)

Sum of squared differences 

Mean sum of squared 

differences

610.64 INR units 

0.83 INR units

965.51 INR units 

1.31 INR units

5. 1.5 Evaluation o f the 22-4-1 NN INR predictions fo r phase 2 data

The 22-4-1 NN (NN no. 4) developed in Section 4.4.6 was evaluated by examining the 

accuracy of its INR predictions for the entire phase 2 dataset. The NN was tested using the 

configuration shown in Appendix 3, Table A3.5. Figure 5.11 shows a irequency plot of 

the 22-4-1 NN (NN no. 4a) predicted INR values compared to the actual INR values 

measured for 737 patient encounters in phase 2. A paired t-test comparing the neural 

network’s INR prediction with the actual INR values measured returned a p value of 0.895 

(CI=-8.84x10'^ to 7.73x10'^), indicating that there was no statistical difference between the 

measurements, but as can be seen from Figure 5.11 the variability between the
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measurements is similar to that shown in 15-1-lNN situation (NN no. 3a) (Figure 5.9). 

The mean difference between the measured and network’s predicted INR values was 0.01 

(± 1.15) INR units. Figure 5.12 below illustrates that 22-4-1 NN like the 15-1-1 NN failed 

to predicted high INR measurements. The sum of square differences between the two 

measurements was calculated to be 965.51 INR units (Table 5.2).
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Figure 5.11 Plot of the frequency distribution of the measured and predicted INR 

values by the 22-4-1 NN for phase 2 patients
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Figure 5.12 Bland and Altman plot of difference against mean for the 22-4-1 NN 

tested using phase 2 data (NN no. 4a)

5.4.1.6 The clinical implications of these INR predictions

The difference between the prescribing HCP desired INR measurement and the actual INR 

values achieved could also be compared graphically with the predictions of the 15-1-1 NN 

(NN no. 3a) and the 22-4-1 NN (NN no. 4a) described above (Figure 5.13). The 

prescribing HCP was, on average, 0.82 ± 0.84 INR units away from the desired INR value 

whereas the 15-1-1 NN was 0.64 ± 0.65 INR units and the 22-4-1 NN was 0.80 ± 0.82 INR 

units away from patient’s actual measured INR values respectively (Figure 5.13). Using 

paired sample t-tests to see if the difference between the neural networks predictions were 

different to those of the HCP, p values of 0.98 (CI=-0.15 to 0.15) and 0.77 (CI=-0.19 to 

0.14) were calculated respectively for the 15-1-lNN and the 22-4-lNN. Hence there is no 

statistical difference between the HCP and the two neural networks.
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Figure 5.13 Plot o f differences between the physician’s INR predictions, the neural 

networks INR predictions and the desired INR value for 737 test cases

Figure 5.13 above also illustrated that the difference in the measured and NNs predictions 

are highly variable in that, all o f the error bars are wide and overlap with zero. The error 

bars for the 15-1-1 NN seem smaller and its sum of squared differences is smaller (610.64 

vs. 965.51 INR units) (Table 5.2).

The likely clinical impact of these INR predictions i.e. the accuracy o f the NNs predicted 

non-therapeutic INR readings for the patients attending the clinic were as foUows:

1. Forty six (6.2%) o f the 737 patient INR values were over 4.5 and the NN no. 3a 

(i.e. the 15-1-1 NN) predicted that 6 (13.3%) o f these INR readings were going to 

be greater than 4.5. It also predicted that another 20 (43.5%) of these readings 

would be outside their therapeutic ranges although it did not predict the magnitude 

to which these 46 readings deviated from their target values.

2. NN no. 4a (i.e. the 22-4-1 NN) predicted that only 1 (2.2%) o f the 46 

measurements mentioned above would be over 4.5 INR units and that 13 (28.3%) 

of the 46 patients’ INR readings would be outside their therapeutic reinges. 

Therefore, the 15-1-1 NN predicted that 26 of the patients would present to the
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clinic over anticoagulated and the 22-4-1 NN predicted that only 14 patients would 

present to the AC over anticoagulated.

3. In total 195 patients had INR measurements that were below 2.0 INR units. The 

15-1-1 NN predicted that 33 (16.9%) and the 22-4-1 NN predicted that 14 (7.2%) 

of these patients’ measurements would be sub therapeutic readings, but again both 

NNs did not predict the magnitude of these deviations.

When INR values greater than 6 INR units were examined in more detail (n=ll), in 2 

(18.2%) of the patients no reason could be identified. Six (54.5%) of the patients had 

consumed more alcohol than normal in the week prior to their clinic visit and the other 3 

(27.3%) had commenced new medication (amiodarone, atorvastatin and rtfampicin).
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5.4.2 Using 1000 cases in the training set

As stated in Section 5.1 the number of cases assigned to the training set was increased and 

the remaining cases were used as a validation set. When the data from phases 1 and 2 were 

merged 1,393 patient encounters were available for training and testing of various NNs. 

For the purpose of this section the NNs developed were trained using 1,000 cases and the 

remaining 393 cases were assigned to the test set. The impact of increasing the number of 

training cases was then evaluated by assessing the performance of the NNs.

5.4.2.1 Warfarin dosage prediction by the 16-1-1 NN when it was trained with 1000 

patient encounters

The optimisation of the process described in detail in Chapter 4 was repeated here and the 

optimal NN architecture to predict a patient’s warfarin dosage was a 16-1-lNN (NN no. 5) 

(using the parameters listed in Table 4.1). This network’s momentum and learning rates 

equal to 0.1 were built and trained using a 5 fold cross validation methods (Appendix 3, 

Table A3.4). The network consisted of 1 output node/parameter i.e. a patient’s daily 

warfarin dosage (mg).

Figure 5.14 shows a scatter plot of the predicted and prescribed dosages of warfarin for the 

393 test cases. The correlation coefficient shows a positive linear relationship between the 

two parameters and the regression coefficient indicated that a strong relationship existed 

between the two sets of dosage parameters (r = 0.89, p = 0.78) (Table 5.3). This marginal 

improvement in p compared to when the entire phase 2 data was used as test data (NN no. 

la) suggests that by increasing the training set we also improved the network’s 

performance (section 5.4.1.1). Figure 5.15 and Figure 5.16 show the plots of the 

prescribed and predicted warfarin dosages. The 16-1-INN, as before, seems to predict the 

high warfarin dosages but not the lower dosages (Figure 5.15). Figure 5.16 illustrates that 

the differences between the prescribed and predicted dosages are evenly distributed around 

the mean, but there are some outlying values. A paired t-test showed that only a slight 

difference existed between the prescribed and predicted dosages (p = 0.049, CI=-0.21 to -  

2.52x10'^)). The sum of squared difference between the prescribed and predicted dosage 

values for the 16-1-INN (NN no. 5) was equal to 456.27 mg (Table 5.3)
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Figure 5.15 Ranked plot of the prescribed and predicted dosage from the 16-1-1 NN 

(NN no. 5) after it was trained with 1000 patient encounters (n = 393)
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Figure 5.16 Bland and Altman plot of difference against mean for the 16-1-1 NN 

(NN no, 5) trained using 1000 cases (n = 393)

Table 5.3 Summary of the analysis and linear regression values calculated for the

16-1-1 NN and the 23-1-1 NN predictions (trained using 1,000 cases)

Measurement 16-1-1 NN (NN no. 5) 23-1-1 NN (NN no. 6)

r 0.89 0.89

P 0.78 (Cl 0.74 to 0.82) 0.78 (Cl 0.74 to 0.82)

a 1.14 (Cl 0.93 to 1.36) 1.16 (Cl 0.94 to 1.37)

P < 0.001 <0.001

Absolute mean difference 0.67 ± 0.84 mg 0.68 ± 0.85 g

Sum of squared differences 456.27 mg 461.79 mg

Mean sum of squared differences 1.16 mg 1.18 mg
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S.4.2.2 Warfarin dosage prediction by the 23-1-1 NN when it was trained with 1000 

patient encounters

The optimisation of the process was repeated in this scenario i.e. when a NN was trained to 

predict a patient’s warfarin dosage using the parameters listed in Table 4.1 and Table 4.2. 

The optimal NN architecture was a 23-1-1 NN (NN no.6) and it’s momentum and learning 

rates were equal to 0.1. The NN was trained using a 5 fold cross validation method on 

1,000 patient encounters (Appendix 3, Table A3.4) and the predictions o f this networks 

warfarin dosages for the remaining 393 encounters will be described below.

Figure 5.17, Figure 5.18 and Figure 5.19 show plots o f the resultant predicted daily dosage 

of warfarin compared to the actual prescribed dosage. The regression coefficient 

calculated was p = 0.89 (Figure 5.17 & Table 5.3), identical to that when patients’ LFT 

parameters were omitted from the input variables (Figure 5.14 & Figure 5.17). The 

correlation coefficient again demonstrated that a linear relationship exists between the two 

parameters (r = 0.89). When a paired t-test o f equal variance was conducted on the two 

sets o f warfarin dosages it indicated that a small but significant difference existed between 

the neural network’s suggested dosages and those prescribed by the HCP (p = 0.039, CI= - 

0.22 to -5.9x10'^), similar to the findings o f NN no. 5 in Section 5.4.2.1. The sum of 

squared differences was calculated to be 461.79mg (Table 5.3).
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Figure 5.17 Linear plot of the prescribed and predicted dosage of warfarin from 

the 23-1-1 NN (NN no. 6) for 393 test case scenarios
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5.4.2.3 Clinical implication of these dosage predictions

The mean prescribed dosage was 4.78 ± 2.34 mg of warfarin daily. The 16-1-1 NN (NN 

no.5) mean predicted dosage was 4.88 ± 2.06mg and the 23-1-1 NN (NN no. 6) mean 

predicted dosage was 4.89 ± 2.06 mg of warfarin daily. The absolute mean difference 

between the prescribed and predicted dosages of warfarin using the NN no. 5 was 0.67 ± 

0.84 mg and for NN no. 6 was 0.68 ± 0.85 mg of warfarin.

When the predictions from the two different NNs were compared statistically (using a 

paired t-test) a p value of 0.124 (Cl=-1.76x10'^ to 1.45x10'^) was calculated. Therefore, no 

statistical difference exists between each of the NNs predictions and both of the regression 

coefficients were the same (P = 0.79) (Table 5.3).

Using the previously defined dosage change definition stated in section 4.4.5 and 5.4.1.3, 

the number of dose changes that would have resulted from the networks predictions were 

determined:

1. NN no. 5 (i.e. the 16-1-1 NN) recommended that in 158 (40.2%) of the test cases 

the patients’ warfarin dosage should be increased. The suggested increases ranged 

from 0.5mg to 6mg daily (Figure 5.20). NN no. 6 (i.e. the 23-1-1 NN) suggested 

that 157 (40.0%) of the patients’ dosages should be increased and these ranged 

from 0.5 to 6.5mg daily (Figure 5.21). Eight (5.1%) of the 16-1-1 NN and 9 (5.7%) 

of the 23-1-1 NN predictions to increase the patients warfarin dosages were 

considered inappropriate because the patients had presented to the clinic in an over 

anticoagulated state.

2. NN no. 5 and NN no. 6 suggested no dosage change in 124 (31.6%) and 130 

(33.1%) cases respectively i.e. they agreed with the dosage prescribed by the HCP. 

Only 3 (2.4%) and 6 (4.6%) of the 16-1-1 and the 23-1-1 NNs recommendations 

were considered inappropriate respectively because the patients presented in an 

over anticoagulated state.

3. In total, NN no. 5 and NN no. 6 suggested 111 (28.2%) and 106 (27.0%) dosage 

reductions respectively. Sixteen (14.4%) of the 16-1-1 and 15 (14.2%) of the 23-1- 

1 NNs suggested dosage reductions were considered unsuitable, because the 

patients had presented themselves to the clinic with sub-therapeutic INR readings.

4. To summarise, the 16-1-1 NN (NN no.5) suggested 27 (6.9%) inappropriate dosage 

alterations for the 393 test cases and the 23-1-lNN (NN no. 6) suggested
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inappropriate warfarin dosages for 30 (7.6%) of the patients. Overall NN no. 5 (i.e. 

the 16-1-1 NN) performed better than NN no. 6 (i.e. the 23-1-1 NN), because it 

suggested less inappropriate dosage alterations and its sum of squared differences 

was lower (456.27mg vs. 461.79mg) (Table 5.3).
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Figure 5.20 Frequency of dosages alterations suggested by the 16-1-1 NN (NN no.5) 

when trained using 1000 cases
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S.4.2.4 Evaluating the predictions o f the 15-1-1 N N  on the 393 test cases Le. when it 

was trained using 1000 patient encounters

The optimisation of the process was repeated in this scenario i.e. when a NN was trained to 

predict a patient’s INR measurement using the parameters listed in Table 4.1. The optimal 

NN architecture was a 15-1-1 NN and it’s momentum and learning rates were equal to 0.1 

(NN no. 7). The NN was trained using a 5 fold cross validation method on 1,000 patient 

encounters, (Appendix 3, Table A3.4) and the predictions of this network i.e. INR 

measurements for the remaining 393 encounters will be evaluated.

Figure 5.22 shows a frequency plot of NN no. 7 predictions compared with the actual 

measured values obtained for the 393 test eases. The absolute mean difference between the 

measured and network’s predicted INR values was 0.75 ± 0.69 INR units and a paired 

t-test of equal variance returned a p value of 0.101 (CI=-1.65x10-2 to 0.185), indicating 

that there was no statistical difference between these two sets of measurements and the 

sum of squared differences was equal to 408.35 INR units (Table 5.4). When the 

difference between the network’s predictions and the measured INR values were plotted as 

per Bland et al. 1986, one can see a trend in the graph i.e. the NN underestimates high INR 

readings (Figure 5.23).
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Figure 5.22 Frequency plot of the measured and predicted INR values using the 15- 

1-1 NN (NN no. 7) for the 393 test cases
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Table 5.4 Summary of the analysis values conducted on the 15-1-1 NN and the 

22-4-1 NN predictions for the 393 test cases 

Measurement 15-1-1 NN (NN no.7) 22-4-1 NN (NN no. 8)

Sum of squared differences 408.35 INR units 405.03 INR units

Mean sum of squared differences 1.04 INR units 1.03 INR units
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Figure 5.23 Bland and Altman plot of difference against mean for the 15-1-1 NN 

(NN no. 7) trained with 1000 cases

5.4.2.5 Evaluation of the 22-4-1 NN predictions for the 393 test cases when it was

trained using 1000patient encounters

The optimisation process described above was repeated when the parameters in Tables 4.1 

and 4.2 were included in the input parameters list. The optimum network architect was 

22-4-1 (NN no. 8) and this NN was trained using 1,000 cases in a 5 fold cross validation 

procedure. It’s momentum and learning rates again were equal to 0.1. Figure 5.24 shows 

the predicted INR values vs. the measured INR values for the 393 test cases from this 

network. The absolute mean difference between the measured and network’s predicted 

INR values was 0.74 ± 0.70 INR units and the sum of squared difference between the two 

parameters was 405.03 INR units (Table 5.4). A paired t-test comparing NN no. 8 INR 

prediction’s with the actual INR values measured returned a p value of 0.197 (CI=- 

3.45x10'^ to 0.167), demonstrating that there is no statistical difference between the mean 

values, although the standard deviation with the measured INR values is twice that of the
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deviation in the predicted values. Figure 5.25 shows the Bland and Altman plot of the 

differences and shows that as the measured INR values increases so does the difference 

between the predicted and measured values.
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Figure 5.25 Bland and Altman plot o f difference against mean for the 22-4-1 NN 

(NN no. 8) trained with 1000 cases

140



Chapter 5

5.4.2.6 Clinical implications of the INR predictions when the NNs were trained using

1000 cases

As shown in sections 4.4.6 and 5.4.1.6, the difference between the prescribing physicians 

desired INR measurement and the actual INR values achieved can be compared graphically 

with the neural networks’ predictions. The prescribing HCP was on average 0.79 ± 0.70 

INR units away from the desired INR value, whereas the NN no. 7 (i.e. the 15-1-1 NN) and 

NN no. 8 (i.e. the 22-4-1 NN) were 0.74 ± 0.70 and 0.75 ± 0.69 INR units away from the 

actual patient’s measured INR values respectively (Figure 5.26). A paired t-test to see if 

the difference between the neural networks’ predictions were different to those of the HCP 

returned p values of 7.01 x 10'* (CI=-0.16 to -7.64x10'^) and 5.56 x 10'* (CI=-0.14to -  

5.77x10'^) respectively for the 15-1-1 and the 22-4-1 NNs. Therefore, the NNs predictions 

were closer than the prescribing HCP to their desired values and may aid in predicting the 

patient’s INR upon return to the anticoagulant clinic (Figure 5.26).
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Figure 5.26 Plot of physician’s differences and the neural networks’ differences 

from their desired INR values
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The accuracy of both NNs at predicting the outlying INR readings for the patients 

attending the warfarin clinic were as follows;

1. Twenty four (6.1 %) of the 393 test case INR readings were greater than 4.5 and NN 

no. 7 predicted that only 1 (4.1%) of these would be greater than 4.5, although it 

did indicate that 2 of the 24 (i.e. 8.3%) patients would be over anticoagulated, but 

the magnitude of the patient’s over anticoagulation was flawed. NN no. 8 forecast 

that 2 (8.3%) of the test cases would have an INR greater than 4.5 INR units and it 

also predicted that an additional 4 (16.6%) patients would be over anticoagulated.

2. Ninety four (23.9%) of the 393 test cases had INR measurements below 2.0 and 

NN no. 7 predicted only 1 (1.1%), whereas NN no. 8 forecast that 6 (6.4%) of these 

cases would result in sub therapeutic readings.

3. To summarise, the 22-4-1 NN (i.e. NN no. 8) predicted outlying INR values better 

than the 15-1-1 NN (i.e. NN no. 7) (12 vs. 4).
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5.4.3 1,000 or 656 patients encounters in the training set?

5.4.3.1 Predicting a patient’s warfarin dosage

The question of whether phase 1 data alone provided the NNs with sufficiently varied 

information to test their performance to generalise on unseen information or if the use of

1.000 cases in the training set improved the networks performance was examined. Table

5.1 and Table 5.3 illustrated that the regression coefficient values between the prescribed 

and the predicted dosage of warfarin improved slightly when the NNs were trained using 

1,000 patient encounters (i.e. P = 0.74 for NN no. la  and NN no 2a, (3 = 0.78 for NNs no. 5 

and No. 6). The mean sum of squared differences was also lower when the 1,000 

encounters were used to train the various networks and the smallest mean sum of squared 

differences was calculated for NN no. 5 (Table 5.3).

Table 5.5 below shows that the dosage predictions from the NNs trained with 1,000 cases 

(i.e. NNs nos. 5 and 6) were only slightly statistically different from the prescribing HCP 

whereas the networks trained on phase 1 data only (i.e. NNs nos. la and 2a) resulted in 

statistically significantly different warfarin dosages. Similarly, Table 5.1 and Table 5.3 

show that the absolute mean difference between the prescribed and predicted dosages was 

smaller when 1,000 cases were assigned to the training set of the NNs.

Table 5.5 Mean warfarin dosages prescribed and predicted by both Neural

Networks with the p values obtained from paired t-test when 

comparing predicted and prescribed warfarin dosages

Number of Training cases

Predictions 656 1000

HCP 4.88 ±2.58 4.78 ±2.34

16-1-1 NN 5.03 ±2.15 (0.00) 4.88 ± 2.06 (0.049)

23-1-1 NN 5.03 ±2.15 (0.00) 4.89 ±2.06 (0.039)

The Bland and Altman plots (Figure 5.3, Figure 5.6, Figure 5.16 and Figvire 5.19) also 

show that the networks trained on 1000 cases had fewer outliers and the data points were 

more evenly distributed around the mean difference values.
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The neural networks that predicted warfarin dosages closest to the prescribing HCP were 

trained on 1000 cases. There was no statistical significant difference between the 

networks’ predictions when a patients LFT parameters were excluded or included (p = 

0.124, CI=-1.76x10'^ to 1.45 xlO’̂ ) and NN no. 5 performed better than NN no. 6 in that it 

suggested fewer inappropriate dosage alterations (Sections 5.4.1.3 and 5.4.2.3).

5.4.3.2 Predicting a patient’s INR measurement

The same question remains unanswered in relation to the neural network’s ability to 

predict a patients’ INR values. Figure 5.9, Figure 5.11, Figure 5.22 and Figure 5.24 show 

that the network generally predicts a patient’s INR measurement well, although in each 

case, a similar trend is observed i.e. the networks tend to underestimate high INR readings 

and overestimate low readings i.e. the NNs predict more values in the 2.0-3.0 INR range. 

The Bland and Altman plots also illustrate that the 4 different networks underestimated 

high INR readings for the study patients (Figure 5.10, Figure 5.12, Figure 5.23 and Figure 

5.25). These trends are also visible in Figure 5.13 eind Figure 5.26 or, in other words, the 

NNs in their predictions are drawn towards the most frequently occurring values in the 

training data set, as discussed in Chapter 4 (Section 4.4.7). Other potential explanations 

for this are that the NNs are not able to foresee changes in a patient’s health state e.g. 

alcohol consumption and prescribed/OTC medication changes, all of which will be 

examined in Chapter 6. All of these can have a large impact on a patients’ INR reading 

(Chapters 1 & 2). Table 5.6 below shows the absolute mean difference and the p values 

calculated when paired t-tests were carried out on the differences between the neural 

network’s predictions and those of the HCP. The networks trained using 1000 cases 

suggested INR readings for the patients that were statistically significantly different from 

the prescribing HCP predicted INR readings. The networks readings were not statistically 

different from the actual measured INR values for the patients (p = 0.101 and 0.197) 

respectively for NNs nos. 7 and 8, ahhough as mentioned earlier, the range over which the 

NNs predict INR values was less than the actual range over which the patient’s INR values 

are measured.

Following this analysis, the networks that predicted patients’ INR measurements more 

accurately than the prescribing HCP were trained on 1,000 cases and both NNs i.e. NN no. 

7 (i.e. the 15-1-lNN) and NN no. 8 (i.e. the 22-4-1 NN) resulted in better predictions than
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the HCP, although NN no. 8 performed better than NN no.7 in predicting outlying values 

(section 5.4.2.6)

Table 5.6 Absolute mean differences and p values obtained from paired t-test 

when comparing the differences in the nets and HCP predictions of 

patients INR measurements (p value)

Number of Training cases

656 1000

HCP 0.82 ± 0.84 0.79 ±0.70

15-1-1 NN 0.64 ± 0.65 (0.98) 0.74 ± 0.70 (0.00)

22-4-1 NN 0.80 ± 0.82 (0.77) 0.75 ± 0.69 (0.00)

5.4.4 Using the networks predicted dosages and observing the resultant INR 

measurements 

5.4.4.1 1000 training cases

In section 5.4.2 when NN no. 8 predicted a patient’s INR measurement (including the 

patients LFT parameters i.e. 22-4-1 NN), the actual dosages that the patients took prior to 

their clinic visit was one of the input variables. Therefore, it was decided to replace the 

patient’s dosage with the predicted dosages from NN no. 5, in section 5.4.2.1 (i.e. 15-1-1 

NN). This enabled us to observe the resuhant INR measurements if a prescribing HCP had 

used our networks suggested warfarin dosages.

Figure 5.27 shows graphically the differences between the physician’s target INR 

measurements and the actual INR values measured. It also shows the differences in 

predicted INR values and target INR measurements for this scenario. When these 

differences between the HCP and network’s predictions were evaluated, the HCP was on 

average 0.79 ± 0.70 INR units away from their target value and the NN was 0.77 ± 0.73 

INR units away from the patient’s measured INR value. Statistically, both sets of 

differences were compared using a paired t-test and a p = 0.397 (CI=-2.11x10'^ to 5.32x10' 

)̂ was calculated. Hence, there was no difference between the networks predictions and 

those of the HCP. Although, the diversity in the predictions of the HCP and the network 

were large and possible causes of this diversity will be examined in Chapter 6.
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Figure 5.27 Plot of differences between the physician’s INR predictions, the neural 

networks INR predictions and the desired INR value
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5.5 Trajan®

During the latter part of this research the opportunity arose to explore the possibilities of 

using the Trajan® package to solve the two problems specified earlier in Chapter 4 (Figures

4.1 and 4.2). Initial work involved exporting the 1,393 case scenarios from Excel® into 

Trajan®. This data was then automatically saved by Trajan® as a binary data file (*.BDF) 

i.e. the file format required by Trajan®.

5.5.1 Predicting a patient’s warfarin dosage

5.5.1.1 Using Trajan to predict a patient^s daily warfarin dosage

Initially, it was decided to build, train and evaluate identical NNs to those used in section 

5.4.2 i.e. a NN of a 16-1-1 architecture (NN no. 9) was trained on 1,000 patient encounters 

and tested on the remaining 393 patient scenarios. The NN was trained using 1,000 epochs 

and the learning and momentum rates were equal to 0.1. Figure 5.28 shows that the 

regression coefficient calculated when the Trajan® predicted dosages were compared with 

the HCP prescribed dosage, increased compared to the similar NNTCD network (NN no.5) 

in section 5.4.2.1 (p = 1.03 vs. 0.78) and the correlation coefficient demonstrated a larger 

linear relationship (r = 0.91, p = 1.03, Cl = 0.98 to 1.08, a = -0.207, Cl -0.47 to 0.05, p < 

0.001) (Table 5.7). Figure 5.29 and Figure 5.30 show the ranked and Bland and Altman 

plots for the prescribed and predicted warfarin dosages, but in this instance the Trajan® NN 

appears to predict the high and low dosages of warfarin for the test cases but there are 

several outliers still evident in Figure 5.30.

The mean prescribed dosage of warfarin was 4.98 ± 2.22 mg daily compared to the mean 

predicted dosage of 4.92 ± 4.52 mg (NN no. 5 =4.88 ±2.06mg). When compared using a 

pair t-test, a p value of 0.312 (CI=-5.14x10'^ to 0.16) was calculated, indicating that there 

is no statistical difference between the two dosages of warfarin. Similarly, a paired t-test 

comparing the dosage predicted by this Trajan® NN and that in section 5.4.2.1 (NN no. 5), 

demonstrated that there was no statistical difference between the two sets of dosage 

predictions (p = 0.80, CI=-0.27 to 0.35). The absolute mean difference between the 

prescribed and Trajan® predicted warfarin dosages was calculated to be 0.62 ± 0.87 mg of 

warfarin daily. Previously the absolute mean difference between the prescribed and
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NNTCD (NN no. 5) predicted warfarin dosages was calculated to be 0.67 ± 0.84 mg of 

warfarin daily (section 5.4.2.3).

y = 1.03x-0.21

R = 0.82 ■

---------------------------------------------------------------------------------------------------------------------------------------- ■ — _

Oi)
c d
c / 3O

T3
- o

y
Ha. - -Line o f  slop e = 1

•  ■ ■!
6 8 10 

Prescribed dosage

12 14 16

Figure 5.28 Linear plot of the prescribed and predicted warfarin dosages suggested 

by the 16-1-1 NN (NN no. 9) using the Trajan® software f—  line of best

fit)

Table 5.7 Summary of the analysis and linear regression values calculated for the 

Trajan® 16-1-1 NN and the 23-1-1 NN predictions (trained using 1,000

cases)

Measurement 16-1-1 NN (NN no. 9) 23-1-1 NN (NN no. 10)

r 0.91 0.90

P 1.03 Cl = 0.98 to 1.08 1.03 Cl 0.98 to 1.08

a -0.21 Cl -0.47 to 0.05 -0.33 Cl -0.60 to -0.06

P p < 0.001 p < 0.001

Absolute mean difference 0.62 ± 0.87 mg 0.66 ± 0.83 mg

Sum of squared differences 447.32 mg 441.74 mg

Mean sum of squared differences 1.14 mg 1.12 mg
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5.5.1.2 Using a Trajan® 23-1-1 NN trained on 1,000 encounters to predict a patient’s

daily warfarin dosage requirements

As before a NN using Trajan® was trained on 1,000 cases, but in this scenario the 

network’s architecture had 23 input parameters, 1 hidden node and 1 output node (NN no. 

10). Figure 5.31 illustrates that the regression coefficient (P) increased from 0.78 

(NNTCD NN no. 6, Figure 5.17) to 1.03 here. Therefore more of the variation in y could 

be explained by the variation in x using the Trajan® neural networks. Figure 5.32 and 

Figure 5.33 illustrate that there were several outliers in the networks predictions when a 

patient’s LFT parameters were included.

The mean dosage of warfarin predicted by this network was 4.76 ± 2.34 mg of warfarin 

daily and the absolute mean difference between the prescribed and predicted dosages was 

0.66 ± 0.83 mg of warfarin (Table 5.7). When the predicted dosages were compared with 

the HCP prescribed dosages using a paired t-test a p value of 0.001 (CI=8.04xl0'^ to 0.29) 

was calculated, indicating that there is a statistically significant difference, whereas there 

was no statistical difference between the two dosage measurements when a patient’s LFT 

parameters were excluded (p = 0.312) (NN no. 9).

16 r  - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

14 I
1

0 2 4 6 8 10 12
Prescribed warfarin dosage (mg)

Figure 5.31 Linear plot of the prescribed and predicted warfarin dosages suggested

by the 23-1-1 NN (NN no. 10) using the Trajan® software ( line of best

fit)
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5.5.1.3 The practical/clinical implications of these Trajan® predicted warfarin

dosages

The number o f dosage changes that would have occurred if the networks predicted dosages 

had been used by the HCP working in the warfarin clinics was determined using the 

previously defined criteria in section 4.4.5. The frequency plots of the suggested changes 

are shown in Figure 5.34 and Figure 5.35 for the Trajan® 15-1-1 NN (NN no. 9) and the
(S)Trajan 23-1-lNN (NN no.10). The number of appropriate/inappropriate dosage 

alterations were as follows:

1. NN no. 9 suggested 124 (31.5%) increases in patient warfarin dosage ranging from 

0.5 to 4 mg daily. Six (4.8%) of these were considered inappropriate as the patients 

had presented themselves to the clinic in an over anticoagulated state. NN no. 10 

suggested 93 (23.7%) increases in patient warfarin dosage and 9 (9.7 %) of these 

were considered inappropriate for the same reason.

2. No dosage alteration was suggested for 141 (35.9%) cases by the NN no. 9, 5 

(3.5%) of which were in an over anticoagulated state and, therefore, these decisions 

were considered to be unsuitable. NN no. 10 recommended that 119 (30.3%) of the 

patients’ dosages should remain the same, 4 (3.4%) of which were inaccurate 

suggestions because the patients were already over anticoagulated.

3. Finally the NN no. 9 suggested that the dosage should be reduced for 127 (32.3%) 

patients. These dosage reductions ranged from 0.5 to 6mg daily. 33 (26.0%) of 

these reductions were for patients that were already under anticoagulated and were 

deemed incorrect. NN no. 10 suggested 181 (46.1%) dosage reductions for the test 

cases and 65 (35.9%) of these were inappropriate, as the patients had presented to 

the clinic in a sub therapeutic state.

4. Overall, the Trajan® 16-1-1 network (i.e. no. 9) suggested fewer inappropriate 

dosage alterations than the Trajan® 23-1-1 network (i.e. no. 10) (44 vs. 78), 

whereas the NNTCD 16-1-1 (no. 5) and the 23-1-1 (no. 6) NNs suggested 27 and 

30 inappropriate warfarin dosages for the same 393 patient encounters respectively.
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An additional feature o f the Trajan® software package is the ‘Sensitivity Analysis’ option. 

This feature assesses the relative importance o f the various input parameters to the 

performance of the network and then assigns a level o f importance to each individual 

variable. Table 5.8 and Table 5.9 show that in both NNs the three most important 

variables are the same i.e. previous dosage, measured INR and target INR. After this the 

order changes and interestingly, in NN no. 9, age was regarded as the 7"̂  most important 

input parameter but in NN no. 10 it was the least important. The Trajan® error is a 

measurement of how the NN performance would decrease if the input variable was not 

included in the input parameter list. Any variable with an error measurement less than 1 

should be removed from the input list as per the Trajan® manual (Trajan® 1999). As can 

be seen in Table 5.8 and Table 5.9, no parameter has an error value less than 1, therefore 

none o f the parameters should be removed from the input variable list.

Table 5.8 Sensitivity analysis ranking obtained from Trajan® for the 16-1-1 NN 

(NN no. 9)

Input parameter Ranking Trajan Error

Previous dosage 1 2.35

INR measured 2 1.40

Target INR 3 1.17

Marital status 4 1.14

Height 5 1.14

Weight 6 1.13

Age 7 1.13

Gender 8 1.13

Alcohol 9 1.13

No. o f adverse events 10 1.13

Duration of therapy 11 1.13

No. o f hours since last dosage 12 1.13

Current medication 13 1.13

Compliance 14 1.13

Smoking 15 1.13

Current OTC medication 16 1.13
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Table 5,9 Sensitivity analysis ranking obtained from Trajan® for the 23-1-1 NN

(NN no. 10)

Input parameter Ranking Trajan® Error

Previous dosage 1 2.41

INR measured 2 1.45

Target INR 3 1.18

Gender 4 1.16

Height 5 1.15

Duration o f therapy 6 1.15

yGT male 7 1.15

Marital status 8 1.15

No. o f hours since last dosage 9 1.15

ALT 10 1.15

yGT female 11 1.15

Weight 12 1.15

Alcohol 13 1.15

Current medication 14 1.15

Aik Phos 15 1.15

Complieince 16 1.15

Albumin 17 1.15

Total bilirubin 18 1.15

Total protein 19 1.15

No. o f adverse events 20 1.15

Smoking 21 1.15

Current OTC medication 22 1.15

Age 23 1.15
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5,5.2 Predicting a patient’s INR measurement

In the same way as the dosage scenario a Trajan® NN was designed and trained using 

1,000 patient encounters to predict a patient’s INR measurement (Figure 4.2). Firstly, the 

investigation was carried out excluding the patients’ LFT parameters (Table 4.1) and in the 

second instance, including these parameters as input variables (Table 4.2).

5.5.2.1 Using the Trajan® 15-1-1 NN to predict a patient’s INR measurement

A NN with a 15-1-1 architecture was trained on 1000 patient encounters and tested on the 

remaining 393 patient scenarios (NN no. 11). The NN was trained using 1000 epochs and 

both the momentum and learning rates were equal to 0.1. Figure 5.36 shows a frequency 

distribution plot o f the measured and predicted INR values using the Trajan® 15-1-INN. 

Figure 5.36 and Figure 5.37 also show that the NN is over predicting low INR values and 

under predicting high INR values, similar to the findings with the NNTCD networks (NN 

nos. 7 and 8). The Bland and Altman plot illustrates that the Trajan® network is unable to 

predict outlying INR values. The mean difference between the Trajan® NN’s predictions 

and the measured INR values was 0.32 ± 1.05 INR units and the absolute mean difference 

between the two measurements was calculated to be 0.78 ± 0.77 INR units. A paired t-test, 

carried out, indicated that both sets o f values (i.e. measured and predicted) were 

statistically significantly different (p = 3.655 x 10'^, CI=-0.40 to -0.30). The sum of 

squared differences calculated in this situation was 468.76 INR units (Table 5.7). This 

value has increased compared to that calculated for the NNTCD NN no. 7 (408.35 INR 

units. Section 5.4.2.4).
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Table 5.10 Summary of the analysis conducted on the Trajan® 15-1-1 NN and the

22-4-1 NN predictions for the 393 test cases

Measurement 15-1-1 NN (NN no. 11) 22-4-1 NN (NN no. 12)

Sum of squared differences 468.76 INR units 577.38 INR units

Mean sum of squared differences 1.19 INR units 1.47 INR units

5.5.2.2 Using the Trajan® 22-4-1 NN to predict a patient’s INR measurement

A Trajan® NN with 22 input variables, 4 hidden nodes and 1 output node identical to the 

NN architecture in section 5.4.2.5 was buih and trained with 1,000 patient encounters (NN 

no, 12). The network was trained using 1,000 epochs and optimum momentum and 

learning rates were determined as previously demonstrated. Both of these parameters were 

equal to 0.1.

Figure 5.38 illustrates the frequency distribution plot of the measured INR values and the 

predicted INR values by the Trajan® NN no. 12. The most frequently predicted INR value 

was 2.9 compared with 2.2 by the Trajan® NN no. 11. The sum of squared differences 

calculated for the Trajan® NN no. 12 was 577.38 INR units (Table 5.7). The comparative 

figure for the NNTCD NN no. 8 was 405.03 INR units (Table 5.4). A paired t-test 

indicated that there was a statistically significant difference between both the measured and 

Trajan® (no. 12) predicted INR values (p < 0.001, CI=-0.66 to -0.45) and Figure 5.39 

illustrates that there were many outliers present in the predictions. The mean difference 

between the Trajan® predicted and the measured INR was calculated to be 0.55 ± 1.08 INR 

units and the absolute mean difference was 0.95 ± 0.76 INR units. Therefore, the Trajan® 

NN no. 12 does not predict a patient’s INR better than the NNTCD NN no. 8 as it’s sum of 

squared differences was larger and the predicted values were statistically significantly 

different from the measured INR values.
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5.S.2.3 Clinical implications of the Trajan® INR predictions

As shown in Figure 5.26, the difference between the prescribing physician’s desired INR 

measurement £ind the actual INR values achieved could be compared graphically with the 

predictions o f the networks. The prescribing HCPs were on average 0.79 ± 0.70 INR units 

away from the desired INR value, whereas the Trajan® NN no. 11 (i.e. 15-1-lNN) and NN 

no. 12 (i.e. 22-4-1 NN) were 0.78 ± 0.77 and 0.95 ± 0.76 INR units away from the actual 

patient’s measured INR values respectively (Figure 5.40).

Paired t-tests to see if statistical differences existed between the Trajan® network’s 

predictions and those of the HCP returned p values of 0.731 and p < 0.001 for the 15-1-1 

and the 22-4-1 NN respectively. The 22-4-1 NN predictions were statistically significantly 

different from the prescribing HCP. In this instance the trends observed in Figure 5.26 that 

the prescribing HCP mean predictions were always further from zero than the networks 

predictions does not hold good in this instance. Therefore the NNTCD networks perform
(Sibetter than the Trajan networks, although as discussed earlier, the predictions o f the two 

NNTCD networks (i.e. NN nos. 7 and 8) underestimate high INR values, but so does the 

prescribing HCP. The predictions o f both NNTCD networks are closer to the patient’s 

measured INR values than those o f the prescribing HCP.
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The accuracy with which the Trajan® networks predicted the outlying INR readings for the 

393 test cases was as follows:

1. As the same test cases were used here as in section 5.4.2.6, there were 24 (6.1%) 

patient encounters that had ESTR readings greater than 4.5. The Trajan® 15-1-1 NN 

(no. 11) did not predict any of these cases correctly, i.e. that the INR reading would 

be greater than 4.5. The Trajan® 22-4-1 NN (no. 12) predicted that 4 (16.7%) of 

the patients INR readings would be greater than 4.5. The Trajan®, 15-1-1 NN also 

predicted that only 1 (4.2%) patient would be over anticoagulated, but their INR 

would not be greater than 4.5 INR. On the other hand, the 22-4-1 NN predicted 

that an additional 8 (33.3%) patients would present with a supra therapeutic INR 

reading.

2. Ninety four (23.9%) of the 393 test cases had INR measurements below 2.0 and the 

15-1-1 NN (no. 11) predicted that 23 (24.5%) of these INR readings would be 

lower than 2.0 INR units. The 22-4-1 NN (no. 12) forecast that none of these cases 

would present to the clinics with INR readings less than 2.0.

3. To summarise, the Trajan® 15-1-1 NN (no. 11), can predict the sub-therapeutic 

patients better than the 22-4-1 NN (no. 12), but the converse is true for supra 

therapeutic patients.

After the two NNs were trained to predict the patient’s INR measurement the ‘Sensitivity 

Analysis’ output was examined i.e. how the NN ranked the importance of the input 

variables when the desired output was a patient’s INR measurement. Table 5.11 and Table 

5.12 below show that Target INR was ranked as the most important input variable on both 

occasions but after that the order of importance varied. Four input variables were common 

to the top 10 for both NNs. These were: gender, compliance, previous dosage and number 

of adverse reactions. Three of the LFT measurements in NN no. 12 were listed in the top 

10, these were: albumin, Aik Phos and yGT female. The least important variables were 

concurrent OTC medication and concurrent prescribed medication in NN nos. 11 and 12 

respectively.
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Table 5.11 Sensitivity analysis ranking obtained from Trajan® for the 15-1-1 NN

(NN no. 11)

Input parameter Ranking Trajan® Error

Target INR 1 1.13

No. o f adverse events 2 1.11

Current medication 3 1.09

Previous dosage 4 1.09

Compliance 5 1.07

Age 6 1.07

Weight 7 1.07

Gender 8 1.07

Duration o f therapy 9 1.07

Height 10 1.06

Marital status 11 1.06

No. of hours since last dosage 12 1.06

Alcohol 13 1.05

Smoking 14 1.05

Current OTC medication 15 1.05
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Table 5.12 Sensitivity analysis ranking obtained from Trajan® for the 22-4-1 NN 

(NN no. 12)

Input parameter Ranking Trajan® Error

Target INR 1 1.21

Gender 2 1.21

Aik Phos 3 1.20

Compliance 4 1.19

No. o f adverse events 5 1.19

Marital status 6 1.19

yGT female 7 1.18

Previous dosage 8 1.18

Albumin 9 1.18

No. o f hours since last dosage 10 1.18

Duration o f therapy 11 1.18

Total protein 12 1.18

Height 13 1.18

yGT male 14 1.17

Age 15 1.17

Total bilirubin 16 1.17

Alcohol 17 1.17

Weight 18 1.17

Current OTC medication 19 1.17

ALT 20 1.17

Smoking 21 1.17

Current medication 22 1.17
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5.6 Summary

5.6.1 Warfarin Dose

Sections 5.4.1.1 and 5.4.1.2 examined the performance of the NNs built and trained in 

Chapter 4 on unseen new data sets. NN no. la  performed best in that it suggested less 

inappropriate warfarin dosages than NN no. 2a, although when the dosage predictions from 

the no. la  NN were compared statistically with the HCP prescribed dosages, the network’s 

predictions were statistically significantly different (p < 0.001).

The training set was then expanded to incorporate 1,000 of the 1,393 patient cases (section 

5.4.2). Similarly, in this latter group of experiments the NNTCD NN no. 5 was again 

superior to the NNTCD NN no. 6 (Table 5.3 and Section 5.4.2.3). The regression 

coefficient improved marginally, from 0.74 to 0.78 when the number of cases in the 

training set was increased to 1,000. A paired t-test comparing the network’s predicted 

dosages and those prescribed by the HCP showed only a marginal statistical difference (p = 

0.049). Clinically NN no. 5 also predicted less inappropriate dose alteration than the NN 

no. 6 (Section 5.4.2.3).

When a patient’s warfarin dosage was predicted using the Trajan® software, NN no.9 was 

again superior to the Trajan® NN no. 10. In this instance, the regression coefficient 

calculated was nearer to 1 any other p value obtained from the NNTCD networks (1.03 vs. 

0.78) and the no. 9 (Trajan®) network’s dosage predictions were not statistically different 

from the prescribing HCP (p = 0.312) (section 5.5.1). Therefore, the Trajan® networks 

predicted warfarin dosages closest to the prescribing HCP, but the NNTCD NN no. 5 

predicted fewer inappropriate dosage alterations. The inclusion of a patient’s LFT 

parameters did not aid in the prediction of warfarin dosage.

5.6.2 INR measurement

The performance of the networks developed in Chapter 4, to predict a patient’s INR 

readings were assessed and evaluated using phase 2 data in sections 5.4.1.4 and 5.4.1.5. 

Both the NNTCD NN nos. 3a and 4a predicted INR readings for the test cases that were 

not statistically significantly different from the patient’s measured INR values, but the 

range of values predicted by the NN was smaller than the range over which patient INR
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values were measured i.e. the NN overestimated low INR values and underestimated high 

INR values.

The training data was then expanded to include 1,000 cases and the NNs performance on 

the 393 test cases was reassessed. Sections 5.4.2.4 and 5.4.2.5 demonstrated that the INR 

predicted by both NNs were not statistically different from the measured INR values for 

the test cases, although the mean sum of squared differences was smaller for the NNTCD 

NN no. 8 when it was trained with 1,000 cases (Table 5.2 and Table 5.4). Clinically the 

NNTCD no. 8 predicted supra and sub therapeutic INR readings better than the NNTCD 

no. 7 (section 5.4.2.6).

Finally, the ability of the Trajan® NN to improve upon the NNTCD networks was assessed 

in section 5.5.2. The mean sum of squared differences increased in both of the Trajan NN 

nos. 11 and 12 compared with the NNTCD NN nos. 7 and 8 (Table 5.4 and Table 5.10) and 

the ability of the Trajan® package to predict supra and sub therapeutic INR readings was 

lower than the NNTCD networks (5.4.2.6 and 5.5.2.3).
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6 Chapter Six

Demographic and Clinical Analysis of the Data collected in 

Phases 1 and 2

6.1 Introduction

Initially, when the research project was being designed, the total number o f patients 

attending A M NCH ’s AC was 600. By recruiting 200 patients into the study, it was 

intended to follow and document one third o f the clinic’s population. From this initial 

figure o f  600 patients in July 1998, the clinic has grown significantly to 1,065 patients in 

July 2000. This increase in the clinic’s population is partially due to the merger o f three 

city centre hospitals i.e. The Adelaide Hospital, The M eath Hospital and The National 

Children’s Hospital and the relocation o f these hospitals to a new site in Tallaght, where no 

other hospital was serving that population group.

The project has enabled the collection o f a wide range o f  data on 202 patients attending the 

AC o f AMNCH. The purpose o f this chapter is to report on these findings e.g. 

demographics, indications for anticoagulation and other characteristics.

6.2 Aim

The aim o f this chapter is to examine the background demographic and clinical 

measurements recorded for the study patients in greater detail and to see if  any correlation 

exists between a patient’s warfarin dosage/INR and their weight, height, age, adverse 

events experienced, concurrent medication, liver function test, compliance, alcohol and 

smoking habits. It is also hoped that the analysis might shed some light on the apparent 

differences between the two groups o f patients.

6.3 Method

In this chapter, the data collected from patients during phases 1 and 2 was analysed using 

various statistical tests for comparison with literature trends (both phases consisted o f 

approximately 100 patients and ran for the same length o f time, exactly 12 months apart).
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This statistical analysis was conducted using SPSS® version 10.0 and Datadesk® version 

6 .0 .

6.4 Results and Discussion

6.4.1 Demographic and Background Information for Phase 1 and Phase 2 Patients

6.4.1.1 Phase 1 Population Identification

One hundred and sixty-three patients who were attending AMNCH’s anticoagulant clinic 

were arbitrarily identified and had the study details explained to them with the aid of a 

patient information leaflet (Appendix l)(Chapter 4). In total, 105 patients gave written 

consent, but 2 (1.9%) dropped out at a later date and 3 (2.9%) never attended the clinic 

after having consented to take part in the study. Table 6.1 shows the mean number of 

visits, age, weight and height for phase 1 patients. A two-sample equal variance t-test 

carried out between male and female patients in phase 1 indicated that the males were 

statistically significantly taller and heavier than the females (p < 0.001). There was no 

statistical difference between the number of visits or their age.

Table 6.1 Mean number of visits, age, weight and height for patients in phases 1 

and 2 of the study. (+S.D.)

Male

Phase 1 

Female Total Male

Phase 2 

Female Total p value*

n 58 42 100 51 51 102

Number 6.04 6.80 6.37 6.78 7.67 7.23 0.035

of visits (2.64) (3.04) (2.93) (3.05) (2.62) (2.86)

Age 57.43 56.91 57.20 58.20 61.45 59.64 0.228

(years) (14.49) (14.35) (14.39) (13.98) (14.86) (14.34)

Weight 86.15 72.43 80.14 81.72 68.95 75.33 0.0357

(Kg) (13.74) (12.62) (14.86) (14.39) (18.29) (17.59)

Height 178.59 162.43 171 175.01 160.40 167.7 0.011

(cm) (7.27) (7.00) (10.75) (6.32) (8.53) (10.47)

*t-test was carried out on the total values for phase 1 and 2 patients
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6.4.1.2 Phase 2 Population Identification

During the recruitment into phase 2, 164 patients were arbitrarily approached and the 

particulars o f  the study were explained to them (Chapter 5). In total 106 patients gave 

written consent, but 4 (3.8%) decided to drop out during the study period. Therefore, 

phase 2 comprised o f 102 patients. Both study periods were identical in that they ran for 

the same length o f time i.e. October 1998 to July 1999 and October 1999 to July 2000 and 

the same information was collected from both groups. Table 6.1 shows the mean number 

o f visits, weight, height and age values for patients in phase 2. Phase 2 males were 

statistically significantly taller and heavier than the females (p < 0.001), similar to the 

finding in the phase 1 population.

The total values (i.e. male and females combined within groups) were compared 

statistically using a two-sample equal variance t-test to see if  any significant difference 

existed between the study groups (Table 6.1). A statistically significant difference existed 

between both groups regarding the frequency o f  their visits to the AC (p < 0.001) i.e. phase 

2 patients on attended the clinic more frequently than phase 1 patients (by a factor o f 1.86), 

perhaps indicating that phase 2 patients’ anticoagulation was not as well managed as phase 

1 patients. Phase 1 patients were also on average 4.81 Kg heavier than phase 2 patients and 

were 3.3cm taller (Table 6.1).

Table 6.2 below shows the indication for anticoagulation/disease states i.e. the reasons why 

the study patients were receiving anticoagulant therapy. The 3 phase 1 patients listed in 

the other category were on warfarin prophylactically after major surgery and their duration 

o f therapy varied from 3 - 6  months. The 14 phase 2 patients listed in the other category 

were on warfarin for a variety o f reasons e.g. cardiomyopathy, Factor VIII deficiency, right 

ventricle dilation and aneurysm repair.

Atrial fibrillation was the most common indication for anticoagulation amongst both study 

groups, followed by embolic events e.g. CVA/TIA or DVT/PE (Table 6.2). When phases 

1 and 2 were compared statistically using a Chi squared test for independence i.e. a test o f 

association between the two groups with respect to indication for anticoagulation, the 

resultant x = 54.44 (p = 0.275) indicates that there was no association between both 

phases with respect to indication i.e. the patients taking part in phases 1 and 2 differed 

regarding their reasons for taking warfarin. This is potentially o f value to the NN in that
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the information being presented to it was diverse and included a wide selection o f 

anticoagulant indications and not just a limited numbers o f  indications.

Table 6.2 Primary indication for anticoagulation amongst study patients in both 

pliases

Indications Phase 1 Phase 2 Total INR

(% ) (% ) (% ) range

Atrial fibrillation 41 (41.0) 35 (34.3) 76 (37.6) 2.0-3.0

CVA / TIA 18 (18.0) 20(19.6) 38 (18.8) 2.0-3.0

D V T / PE 14(14.0) 15 (14.7) 29 (14.4) 2.0-3.0

Atrial / Mitral valve replacement 12(12.0) 11 (10.8) 23 (11.4) 3.0-4.5

(mechanical)

Atrial / Mitral valve repair (prosthetic) 3 (3.0) 4 (3 .9 ) 7(3 .5) 2.0-3.0

Atrial / Mitral valve disease 3 (3.0) 1(1.0) 4 (1 .9 ) 3.0-4.5

Dilated Cardiomyopathy 2 (2.0) - 2(1 .0) 2.0-3.0

Intra Cardiac Thrombus 4 (4.0) 1(1.0) 5 (2.5) 2.0-3.0

Intra Cardiac Thrombus - 1 (1.0) 1 (0.5) 3.0-4.0

Others 3 (3.0) 14(13.7) 17(8.4) 2.0-3.0

Total 100 102 202

The length o f time patients were receiving anticoagulant therapy was also measured. This 

varied considerably as the majority o f patients were on long-term preventative treatment 

and some had just started anticoagulant therapy when they consented to take part in the 

study. The mean length o f time that phase 1 patients had been taking warfarin was 41.47 

(S.D. ± 54.79) months. The mean length o f time that phase 2 patients had been taking 

warfarin was 40.9 (S.D. ± 49.2) months. Therefore, the length o f  time patients in both 

groups had been receiving anticoagulant therapy varied greatly. This variance in the data 

was o f potential benefit when training NNs to predict a patient’s desired warfarin dosage 

because this meant that the network had not solely been trained using long-term 

(potentially stable) patients, but had also been exposed to new patients who had just started 

anticoagulant therapy.
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Previous research carried out in the AC o f The Adelaide Hospital had reported the 

percentage o f  AF patients in the clinic to be 24% and 14.3% in 1990 and 1996 

respectively. In the 1990 study, the most common indication (43%) for w^arfarin therapy 

was an embolic event e.g. CVA or DVT/PE. In 1996 this group o f patients represented 

30.9% o f the study population (Colwell et al. 1990; Tully 1996). The large increase in the 

number o f AF patients being treated with anticoagulant therapy has been well documented 

in literature and AMNCH has seen its number o f  AF patients increase from 24.0% in 1990 

to 37.6% in 1999/2000 (Table 6.2). This 13.6% increase is partially due to recent research 

showing that long term anticoagulant therapy in AF patients, dramatically reduces the 

incidence o f strokes experienced by these patients (SIGN 1999).

6.4.2 Length of Time in Therapeutic INR Range

The use o f INR ranges/target values suggested by the British Society o f  Haematology as 

described in Chapters 1 and 2 provided the opportunity to audit/monitor patient therapy 

during the two study periods (British Society o f Haematology 1990; British Society o f 

Haematology 1998). Several methods o f monitoring the intensity o f such therapy have 

been well documented in literature, especially by Rosendaal et al. in 1993 and Duxbury et 

al. in 1982. The method used to report intensity o f  therapeutic INR measurements in this 

study is that o f Rosendaal (section 2.3). An assumption made by Rosendaal is that there is 

a linear relationship over time for two subsequent INR measurements for a patient i.e. “to 

divide the time between two measurements in days, and to use small steps o f 0.1 INR units 

over the range o f  the time interval” (Rosendaal et al. 1993). The length o f time, therefore, 

spent within or without the desired therapeutic INR ranges for each individual patient can 

be quantified and reported as patient treatment years (PTY).

Table 6.3 shows the therapeutic range groups divided into three categories for ease o f 

comparison, that enable a clinic’s management to continuously audit its performance i.e. 

length o f time or patient treatment years (PTY) that patients in phases 1 and 2 spent within, 

above or below their desired therapeutic ranges. Patients who spend too much time over

anticoagulated are at an increased risk o f experiencing a haemorrhagic complication, or if  

prolonged periods are spent under-anticoagulated, patients are at an increased risk o f an 

embolic event occurring. Phase 1 patients spent 28.33 PTY i.e. 56.8% of the time and 

phase 2 patients spent 26.75 PTY (54.1%) within their desired INR ranges (Table 6.3).
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The amount o f time spent under and over anticoagulated was similar for each group. 

These figures are similar to those of the entire AMNCH clinic (Table 6.4) (i.e. the 

proportion o f time spent under, over and within the therapeutic INR ranges).

Table 6.3 Total patient treatment years (PTY) spent in/outside desired

therapeutic INR ranges for both ph ases

Desired Phase 1 Phase 2

INR range Under Within Over Under Within Over

n range range range n range range range

2.0-2.5 6 0.49 1.49 0.36 3 0.40 0.93 0.95

2.0-3.0 80 11.33 23.25 5.22 87 9.18 21.04 6.91

3.0-4.5 14 2.64 3.59 1.52 12 3.98 4.78 1.31

Total 100 14.46 28.33 7.10 102 13.56 26.75 9.17

Table 6.4 Total PTY spent in/outside desired therapeutic INR ranges for the 

entire AMNCH anticoagulant clinic

Total PTY October 1998 -31** July 1999 1** October 1999 -31** July 2000

Entire Clinic Phase 1 Entire Clinic Phase 2

Under range 63.17 (27.9%) 14.46 (29.0%) 92.49 (24.9%) 13.56(27.4%)

Within range 132.37 (58.5%) 28.33 (56.8%) 219.18 (59.1%) 26.75 (54.1%)

Over range 30.88 (13.6%) 7.10(14.2%) 59.23 (16.0%) 9.17(18.5%)

Total PTY 226.42 49.89 369.9 49.48

Throughout Chapters 4 and 5, the NNs ability to predict the patients’ INR readings were 

evaluated. The method used to measure their ability was the absolute mean difference 

between the NNs predicted INR values and the actual INR values measured for the study 

patients. Table 6.5 below, shows the absolute mean differences calculated for the two 

different networks i.e. the 15-1-1 and the 22-4-1 NNs using both the NNTCD and Trajan® 

packages. This table also illustrates that the prescribing HCPs seemed to have improved in 

their predictions of patient’s ESTR values (Table 6.5), although Table 6.4 shows that there 

was a decrease in the length of time phase 2 patients spent within their desired ranges. One 

possible explanation is phase 2 patients were more variable with regard to the parameters 

measured. Hence the NNs were not able to model i.e. predict the patient’s INR values as
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well. The variability between the two groups o f patients will be investigated further in the 

following sections.

Table 6.5 Summary of the absolute difference between the NNs predicted INR 

values, measured INR values and the absolute difference between the 

physician’s target INR values and the actual INR value (±S.D.)

NNno. Networks HCP 15-1-lNN 22-4-1NN

3 and 4 NNTCD NNs trained with Phase 1 

data (Ch 4, Section 4.4.6)

1.05±1.14 0.79±0.92 0.75±0.89

3a and 4a NNTCD NNs trained with Phase 1 

data only, tested with Phase 2 

(Section 5.4.1.6)

0.82±0.84 0.64±0.65 0.80±0.82

7 and 8 NNTCD NNs trained with 1,000 

patient encounters (Section 

5.4.2.6)

0.79±0.70 0.74±0.70 0.75±0.69

11 and 12 Trajan NNs, trained with 1,000 

patient encounters

0.79±0.70 0.78±0.77 0.95±0.76

6.4.3 Patient’s Dosage vs. Weight

In Chapter 1 (Section 1.6) it was shown in several international studies that a patient’s 

weight and age affected the dosage required. When the effect of a patient’s weight on their 

dosage requirements was examined using the Pearson Product-Momentum Correlation 

(PPMC) test for the entire data set i.e. phases 1 and 2 combined, a positive correlation was 

calculated between the two parameters i.e. a patients dosage increased as their weight did r 

= 0.351 (regression coefficient p = 5.3 x 10'^, Cl 0.046 to 0.06, and a = 1.047, Cl 0.459 to 

1.634). Figure 6.1 below shows a scatter plot of patient’s weight versus their prescribed 

daily warfarin dosage. The lightest person weighed 41.1 Kg and required 3mg daily of 

warfarin, whereas the heaviest person weighed 140.1 Kg and required lOmg daily. The 

findings in our population are similar to those reported by Dobrzanski and co-workers in 

1983 (r = 0.39) (Routledge et al. 1979; Wilson et al. 1980; Dobrzanski et al. in 1983).
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Figure 6.1 Plot of the average patients’ weight against their average daily warfarin 

dosage (n = 202)

6.4.4 Patient’s Dosage vs. Height

A patient’s height was also positively correlated to their dosage (r = 0.261, P = 6.17 x 10' ,̂ 

Cl 0.05 to 0.074 and a = -5.265, Cl -7.296 to -3.234) and again the regression coefficient 

(P) has shown that as patients get taller their warfarin dosage will increase linearly, e.g. the 

shortest patient measured 144cm and their average warfarin dosage was 1.5mg daily, 

whereas the tallest patient (193cm) had on average S.Omg of warfarin daily. Both weight 

and height were then combined into one measurement i.e. body mass index (BMI) and this 

new value was compared with the patient’s warfarin dosage using a PPMC test. An r of 

0.240 was calculated (p = 0.12, Cl 0.094 to 0.145 and a = 1.881, Cl 1.177 to 2.586), 

therefore as a patient’s BMI increases so does their warfarin dosage.

Figure 6.2 shows a histogram of the BMI calculated for the 202 patients (mean = 27.0 ± 

5.0 K gW ) who took part in phases 1 and 2. The normal BMI range is 20-25 K gW  (BMI 

units). Grade 1 obesity is defined as 25-30 KgW , grade 2 as 30-40 K gW , grade 3 as >40 

K gW  and a BMI <20 Kg/m^ is considered underweight (Dept, of Health and Children 

2000). Therefore, the majority of the patients used to train the NNs were obese. These 

fmdings are similar to those reported nationally, in that 42% of adults in the ROI are
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regarded as being overweight i.e. with BMI >25 K gW , whereas 59.9% of the study 

patients were overweight as per the BMI measurement definition (Dept, of Health, 

National Health Strategy 2000).

90 --------------------------
81

<15 15-20 21-25 26-30 31-35 36-40 41-45 46-50

B M  I u n i t s  ( K g / m ^ )

Figure 6.2 Frequency plot of the BMI for the 202 patients in both phases 1 and 2 

6.4.5 Patient’s Dosage vs. Age

As described in Section 1.6, a negative correlation exists between a patient’s age and 

warfarin dosage i.e. as a patient got older, their warfarin dosage tends to decrease. The 

relationship between a patient’s age and warfarin dosage in the study population was 

evaluated using a PPMC test and r = -0.364 was calculated ((3 = - 6.55 x 10' ,̂ Cl - 0.074 to 

-  0.057 and a  = 8.998, Cl 8.462 to 9.534). Figure 6.3 below shows a plot of patient’s age 

against their mean daily warfarin dosage. This negative association between a patient’s 

dosage and age has also been reported by Routledge et al. 1979, Wilson et a l 1980 and 

Dobrzanski et al. 1983 (r = - 0.39). Wynne et al. 1995 reported similar findings, but their 

negative correlation was much larger (r = -0.53). This indicates that elderly patients are 

more sensitive to warfarin i.e. they require less warfarin for the same pharmacological 

response.
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Figure 6.3 Plot of patient’s age against their average daily warfarin dosage (n 

202)

6.4.6 Patients’ Measured INR vs. Weight and Height

The effect o f a patient’s weight, height and BMI on their INR measurements was also 

investigated using a PPMC test. A patient’s weight had a negative correlation to their INR 

measurement i.e. as a patient got heavier their INR reading decreased (r = - 0.139, P = - 

9.65 X 10’̂ , Cl - 0.013 to -  0.006 and a  = 3.396, Cl 3.110 to 3.682). A patient's height was 

negatively correlated to their INR measurement (r = - 0.104, p = - 1.14 x 10'^, Cl - 0.017 to 

-  0.006 and a  = 4.571, Cl 3.607 to 5.534) and a patient’s BMI was also negatively 

correlated to their INR measurement (r = - 0.094, p = - 2.17 x 10'^, Cl - 0.034 to -  0.01 and 

a  = 3.242, Cl 2.909 to 3.574).

6.4.7 Patients’ Measured INR vs. Age

The effect of a patient’s age on their INR measurements was also explored with the use of 

a PPMC test. A patient’s age was positively correlated to their INR measurement although 

this linear correlation was not statistically significant (r = 0.038, P = 3.172 x 10'^, Cl - 

0.001 to 0.008 and a  = 2.465, Cl 2.200 to 2.729, p = 0.154). This value indicates that as a 

patient gets older, their INR measurements tend to increase, possibly due to increased 

sensitivity to warfarin.
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6.4.8 Adverse Events

During the data collection process, patients were asked if  they had experienced any adverse 

events e.g. nose bleeds, skin rash or blood in the urine since they last attended the AC. 

They were also asked if  they had they visited their GP or the Accident and Emergency 

Department o f any hospital since their last visit due to a warfarin related problem. These 

adverse events were then classified as per Table 4.3, Chapter 4 for use in the training and 

testing o f the different NNs. These classifications were similar to those used by Hirsh et 

al. 1989 (Chapter 1, Section 1.7). Table 6.6 below shows the frequency o f adverse events 

reported. Forty four (21.8%) patients indicated that they had experienced either slight 

bruising/bleeding not requiring hospitalisation or a visit to their GP on 84 occasions (6.0% 

o f the total encounters). Thirteen patients (6.4%) reported either bruising or bleeding that 

required hospitalisation or a visit to their GP on 17 occasions (i.e. 1.2% o f the total patient 

encounters). Fourteen (16.7%) and five (2.9%) o f  the minor and major events, 

respectively, were associated with INRs greater than 4.5. The remaining INR readings 

were less than 4.5 although a Chi-squared test, testing for the hypothesis o f no association 

between the number o f adverse events and patient’s INR measurements returned a value o f 

= 298.86, p < 0.001. Therefore, the null hypothesis that there is no association between 

the two parameters (i.e. no. o f adverse events and patient’s INR measurements) is rejected 

in favour o f the alternative i.e. that there is an association.

The incidence rates o f  adverse events for the minor and major events per patient per 100 

year o f treatment were calculated to be 0.06 and 0.01 respectively. The major incidence 

rate figures were lower than those reported by Hirsh and colleagues i.e. major bleeding 

rates range from 2 to 22 per 100 patient treatment years and fatal bleeding from 2 to 9 per 

100 patient treatment years (Hirsh et al. 1989).
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Table 6.6 Frequency of adverse events reported by patients (n = 1393)

Description of event Frequency reported (% 

of total encounters)

• Embolic event requiring hospitalisation 0 (0 )

• Slight chest pain or leg pain or mild temporary 0 (0 )

weakness experienced by the patient, but not

necessitating any medical attention.

• No adverse event reported 1,292 (92.8)

• Slight bruisingA)leeding not requiring 84 (6.0)

hospitalisation, a visit to the patient’s General

Practitioner or to an Accident and Emergency

Dept.

• Bruising/bleeding requiring hospitalisation, a 17(1.2)

visit to the patient’s General Practitioner or to an

Accident and Emergency Dept.

Drug related hospital admissions have been documented and one such report by Roughead 

and colleagues in 1998 found that 2.4% -  3.6% of all hospital admissions in Australia were 

drug related and that 32% -  69% o f these were preventable. The most frequently 

responsible medicinal agents were cytotoxics, cardiovascular agents, anticoagulant and 

non-steroidal anti-inflammatory drugs (Roughead et al. 1998). Heerey and associates 

reported that during 1998, 7% of acute hospital admissions in the ROI resulted from 

adverse drug reactions, o f  which 25% were due to drug interactions (Heerey et al. 2000).

Since 1990, 60 adverse drug events have been reported to the Irish Medicines Board in 

relation to warfarin therapy (Irish Medicines Board 2001) and data obtained from the 

Hospital In-patient Enquiry Database (HIPE) showed that 67 and 58 patients were 

discharged from Irish hospitals during 1999 and 2000 respectively with the primary 

diagnosis being anticoagulant poisoning. Similarly, 343 and 324 patients in 1999 and 2000 

were discharged from Irish hospitals having suffered an adverse effect from an oral 

anticoagulant agent (Clinton 2001). Therefore, the numbers that were admitted to Irish
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hospitals because o f an adverse effect of an oral anticoagulant during 1999 and 2000 were 

410 and 382 respectively.

Hepler and colleagues in 1990 reported that 12,000 deaths during 1987 in the USA could 

be associated with adverse drug reactions or polypharmacy issues and these events could 

be prevented if measures such as pharmaceutical care had been taken. They define this 

term as “the administration of drugs, for the purpose of achieving definite outcomes that 

improve the patient's quality of life. These outcomes are (1) cure of disease, (2) 

reduction or elimination of symptoms, (3) arresting or slowing of a disease process and 

(4) preventing a disease or symptoms” (Hepler et al. 1990).

6.4.9 Concurrent Medication

Patients were asked at each visit if  they had started to take any new prescribed, OTC or 

herbal medicine/product since their last visit to the AC. This information was then collated 

for each phase individually and ranked according to the categories described in Chapter 4 

(Table 4.5). This grouping of information involved both negative and positive influences, 

as described in Chapter 1 i.e. the use of concurrent medicines or herbal products may 

enhance or inhibit the anticoagulant effect of warfarin. Table 6.7 and Table 6.8 show the 

frequencies at which the two study populations were prescribed/took interacting 

medication. Lists of the actual medicines involved are listed in Table 6.9 and Table 6.10.

Table 6.7 Frequency of interacting medicines being prescribed with warfarin

Classiflcation Phase 1 (%) Phase 2 (%) Total (%)

1.0 46 (7.01) 58 (7.87) 104 (7.5)

0.5 18 (2.75) 28 (3.80) 46 (3.3)

0 583 (88.87) 641 (86.97) 1224 (87.9)

-0.5 5 (0.76) 7 (0.95) 12(0.8)

-1.0 4(0.61) 3 (0.41) 7 (0.5)

Total 656 737 1393

(See Chapter 4, section 4.3.7.2 for classification)
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Table 6.8 Frequency of interacting OTC/herbal medicines being taken with 

warfarin

Classification Phase 1 (%) Phase 2 (%) Total

1.0 5 (0.76) 1 (0.14) 6 (0.4)

0.5 3 (0.46) 9(1 .22) 12 (0.8)

0 646 (98.48) 716(97.15) 1362 (97.7)

-0.5 1 (0.15) 9(1 .22) 10(0.7)

-1.0 1 (0.15) 2 (0.27) 3 (0.2)

Total 656 737 1393

(See Chapter 4, section 4.3.7.2 for classification)

In 7 o f the scenarios where a co-prescribed agent was taken by the patients, having been 

classified as having a -1 effect (Table 6.7), the patients presented to the clinic with sub- 

therapeutic INR readings. When co-prescribed agents classified as having an -0 .5  effect 

were taken by patients, 5 o f the 12 subsequent INR measurements were non therapeutic. 

Similarly, when co-prescribed medicines classified as 0.5 in Table 6.7 were taken by the 

study patients 28 (60.9%) o f  the subsequent INR measurements were non therapeutic and 

when agents classified as 1.0 in Table 6.7 above were taken by the study patients, 85 

(81.7%) o f the subsequent INR measurements were non therapeutic, hi total, 92 (6.6%) 

patient encounters were associated with INR measurements greater than 4.5 INR units 

(ranging from 4.6 to 13) and 22 (43.5%) o f these were associated with the taking o f co

prescribed medicines.

Antibiotics (69), lipid lowering agents (29) and non-steroidal anti-inflammatory medicines 

(17) were the most commonly co-prescribed agents, corresponding to 79.5% and 69.8%> of 

the interacting medicines taken by patients in phases 1 and 2 respectively. Patients in 

phase 1 were more inclined to take ibuprofen and garlic containing products than patients 

in phase 2. Phase 2 patients took more multivitamins and aspirin containing products than 

those in phase 1. Two patients in phase 2 were also using a herbal product called Dr. 

Collins Arthritis Medicine. No information was readily available regarding this product, 

except that it is a herbal product similar to conventional arthritis medication.
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Table 6.9 Interacting medicines co-prescribed for the study patients

Medicine Phase 1 Phase 2 Total

Co-amoxiclav 10 9 19*

Pravastatin 9 6 15

Amoxicillin 5 10 15

Aspirin 5 4 9

Flucloxacillin 5 4 9

Atorvastatin 3 6 9*

Clarithromycin 2 6 8*

Diclofenac 7 - 7

Prednisolone 1 5 6

Pantoprazole 2 3 5

Mefenamic Acid 1 4 5

Amiodarone 2 2 4

Simvastatin 1 3 4

Erythromycin 2 1 3

Fluorouracil - 3 3

Omeprazole - 3 3

Carbamazepine 2 - 2*

Cefaclor 2 - 2

Cefuroxime 2 - 2

Cimetidine 1 1 2

Penicillin G 1 1 2

Co-proxamol - 2 2

Doxycycline - 2 2

Lansoprazole - 2 2

Metronidazole - 2 2

Nimesulide - 2 2

Pantoprazole, Amoxicillin - 2 2*

and Clarithromycin 

Rifampicin - 2 2*

180



Chapter 6

Table 6.8 contd.

Medicine Phase 1 Phase 2 Total

Rofecoxib - 2 2

Thyroxine - 2 2

Tramadol - 2 2

ACE Inhibitor Clinical Trial 1 - 1

Allopurinol 1 - 1

Captopril 1 - 1

Cerivastatin 1 - 1

Digoxin 1 - 1

Enalapril 1 - 1

Itraconazole 1 - 1

Paroxetine 1 - 1

Piroxicam 1 - 1

Trimethoprim 1 - 1

Cefradine - 1 1

Ciprofloxacin - 1 1

Ketoconazole - 1 1

Lamotrigine - 1 1

Sodium Valproate - 1 1

Total 73 96 169

*indicates the drugs involved when a patient’s measured INR was >6.0

In total 45 different drugs that were known to interact with the desired pharmacological 

effects o f warfarin were recorded as having been taken by the study patients. The top three 

concurrently prescribed medicines that were taken by patients in phases 1 and 2 were as 

follows (Table 6.9):

1. Phase 1 -  Co-amoxiclav, Pravastatin and Diclofenac.

2. Phase 2 -  Amoxicillin, Co-amoxiclav and Clarithromycin/Pravastatin/Atorvastatin. 

Pravastatin has been reported not to interfere with a patient’s warfarin therapy, although 

Stockley recommends careful monitoring o f a patient’s PT/ESTR when starting on 

pravastatin. In both phases 1 and 2, patients’ INR values increased slightly when they 

either started on or their dosage o f pravastatin was increased. No other factor likely to 

have caused an increase in their INR readings could be identified (Stockley I.H., 1999).
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Table 6.10 Frequency of interacting OTC/Herbal medicines taken by patients

OTC/Herbal product Phase 1 Phase 2 Total

Multivitamin 1 11 12

Garlic and Multivitamins 3 3 6

Ibuprofen 4 - 4

Cod Liver Oil and Multivitamin 1 2 3

Aspirin - 3 3

Dr Collins Herbal Arthritis Medicine (Anti 

inflammatory) medicine

2 2

Indigestion Remedies 1 - 1

Total 10 21 31

Overall, the use o f interacting medicines, either prescribed or OTC medicines occurred in 

73 (11.1%) and 10 (1.5%) o f the 656 patient encounters for phase 1 and 96 (13%) and 21 

(2.9%) o f the 737 patient encounters in phase 2 o f  the study. The incidence rate per 

patient, per treatment year, o f interaction with prescribed medicines was calculated to be 

0.002 for phase 1 and 0.003 for phase 2. Similarly the incidence o f interaction with 

OTC/herbal medicines per patient, per treatment year, was 0.0003 and 0.0006 for phases 1 

and 2 respectively.

6.4.10 Patients’ Smoking Habits

Patients in the two phases were asked to quantify the number o f  cigarettes they smoked per 

week. Table 6.11 shows the number o f patients that smoked in both phases. When a Chi- 

squared test was carried out to see if  any association existed between gender and smoking 

habits, the values calculated for phases 1 and 2 were % = 0.83, p = 0.362 and x = 0.197, p 

= 0.657 respectively. Therefore, there was no association between gender and smoking. 

The Dept, o f  Health in their National Health Promotion Strategy 2000 stated “the number 

o f females smoking is now comparable to males and that approximately one in every three 

adults classify themselves as a smoker” (Dept, o f Health and Children 2000). The 

percentage o f  study patients attending AM NCH’s warfarin clinic who smoked was 

calculated to be 25.1%, which is lower than the national average o f  33%>. Perhaps this 

could be accredited to the fact that these patients are attending their HCP more regularly
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than the general population and have been educated/made aware o f the harmful effects of 

smoking in relations to their respective cardiovascular diseases. Age is another potential 

influential factor and the mean average of the two study groups was 57.20 years and 59.64 

for phase 1 and phase 2 respectively (Table 6.1). The average number o f cigarettes 

smoked by phase 1 patients who smoked per week was 15.14 (range 1 to 210). Similarly, 

the average number of cigarettes smoked by phase 2 patients who smoked per week was 

27.60 (range 4 to 245).

Table 6.11 Number of smokers in both phases (%)

Gender Phase 1 (n = 100) Phase 2 (n = 102) Total (n = 202)

Yes No Yes No Yes No

Male 12(12.0) 46 (46.0) 13 (12.8) 38 (37.3) 25 (12.4) 84 (41.6)

Female 12(12.0) 30 (30.0) 15 (14.7) 36 (35.2) 27(13.4) 66 (32.7)

Total 24 (24.0) 76 (76.0) 28 (27.5) 74 (72.5) 52 (25.7) 150(74.3)

6.4.11 Patients’ Alcohol Consumption

Patients were asked to specify the number of units of alcohol they had consumed in the 

week prior to their clinic visit. The patients in phases 1 and 2 respectively indicated that in 

81.9 % and 38.5% of cases they had not had an alcohohc drink in the previous week (Table 

6.12). This difference of 43.4% seems extremely large and perhaps patients in phase 1 

were not as forthcoming about their drinking habits as phase 2 patients. A Chi-squared test 

of association was carried out to see if any association existed between patients’ drinking 

habit and gender. The values calculated were = 18.81, p = 9.03 x 10'^ for phase 1 and ^ 
= 253.47, p = 3.68 x 10' for phases 2 patients. Therefore, in both phases patients’ alcohol 

consumption was related to gender.

Table 6.12 Alcohol consumption in the week prior to clinic visit (%)

Gender Phase 1 (n = 656) Phase 2 (n = 737) Total (n = 1393)

Yes No Yes No Yes No

Male 40 (6.1) 301 (45.9) 265 (36.0) 80(10.9) 305 (21.9) 381 (27.3)

Female 79(12.0) 236 (36.0) 188 (25.5) 204 (27.6) 267 (19.2) 440 (31.6)

Total 119(18.1) 537 (81.9) 453 (61.5) 284 (38.5) 572 (41.1) 821 (58.9)
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6.4.12 Patients’ Admitted non-compliance

A patien t’s com pliance w ith the HCP prescribed dosage regim e was also assessed during 

each study period. As stated in Chapter 4 (Table 4.6), a patient m ay take too m uch or too 

little warfarin and in either case the patient m ay have consciously or accidentally changed 

the dosage regim e. Table 6.13 and Table 6.14 show  the frequency at w hich patients 

adm itted to com plying or not w ith the HCP instructions.

Table 6.13 Phase 1 patients admitted compliance with their dosage regimes

Gender

-1 -0.5

Phase 1 (n=656) 

0 0.5 1

Male 11 1 328 0 1

Female 4 0 306 1 4

Total 15 1 634 1 5

jble 6.14 Phase 2 patients admitted compliance with their dosage regimes

Gender

-1 -0.5

Phase 2 (n=737) 

0 0.5 1

Male 8 23 305 6 4

Female 2 17 366 6 0

Total 10 40 671 12 4

A Chi-squared test o f  association was used to exam ine i f  there was any association

betw een a patien t’s gender and com pliance w ith the H C P prescribed w arfarin regim e. The

values calculated w ere = 8.43, p = 0.146 for phase 1 patients and o f  -  11.37, p =

0.023 for phase 2 patients. Therefore, gender is not associated w ith  com pliance in phase 1

but is associated w ith com pliance for phase 2 patients (fem ales being m ore com pliant), but
, 2

w hen both phases 1 and 2 were com bined the association was not significant (% =  11.42, p 

= 0.059). A  report on patien t’s com pliance w ith antihypertensive m edication published by 

Friday, found that gender was an influential factor on com pliance, w ith a higher percentage 

o f  fem ales being com pliant w ith their m edication regim es than m ales (Friday 1999).
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Overall, patients stated that they were completely compliant with their warfarin dosage 

regime on 93.7% of the occasions when they met with the researcher. This figure is highly 

subjective to patients telling the truth, but is similar to the findings o f Howard and 

colleagues, who documented patient compliance with their prescribed anticoagulant 

therapy in 1981 to be as high as 90% amongst prosthetic heart valve patients, hi phases 1 

and 2 the valve replacement patients admitted being compliant with their dosage regimen 

87.8% o f the time. One possible explanation for this high rate o f compliance could be the 

regular monitoring associated with anticoagulant therapy (Howard et al. 1981).

It was thought that a patient’s martial status may be associated with their compliance. 

Table 6.15 shows how marital status between both groups affects the patient’s compliance 

with their dosage regimes. Again, Chi-squared tests were used to measure the association, 

if  any, between a patient’s compliance and their marital status. The findings o f these tests 

were the reverse o f the gender situation above i.e. there was a definite association (x  ̂ = 

24.31, p = 7.03 X 10'^) between been married and compliance in phase 1, but the opposite 

was true for phase 2 patients = 0.873, p = 0.929). W hen both phases were grouped 

together the Chi-squared value calculated illustrated a highly significant association 

between the two parameters (x  ̂= 2494.97, p = <0.001).

Table 6.15 Phase 1 and 2 patients admitted compliance subdivided by Marital 

Status

Marital Status

-1 -0.5

Compliance

0 0.5 1

Married

Phase 1 2 0 434 1 2

Phase 2 6 27 469 8 4

Single

Phase 1 13 1 200 0 3

Phase 2 4 13 201 4 1

Total 25 41 1304 13 10

Non-compliance could also be associated with high or low INR measurements. O f the 

INR measurements >4.5 INR units, 11% o f the patients admitted to non-compliance with 

the dosage regimen and a Chi-squared showed that there was a statistically significant
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association between patients admitted compliance/non-compliance and INR measurement 

greater than 4.5 (x  ̂= 9560.88, p = <0.001) (Table 6.16).

Table 6.16 Patient admitted compliance and their INR measurement (n=1393)

INR Phase 1 and Phase 2

measurement

-1 -0.5 0 0.5 1

<4.5 24 37 1224 8 8

>4.5 1 2 82 5 2

Total 25 39 1306 13 10

The word compliance in the last few years has been replaced by such words as adherence 

or concordance with the prescribers instructions and a patient’s compliance/adherence or 

concordance has been reported to vary drastically from as little as 4% to as large as 92%. 

Gard and colleagues partially explained this large difference in the reported figures. They 

suggested that the wide variety o f research methods used to measure/quantify patients’ 

adherence was responsible for this large variance. The method used in this study was one 

o f patient self-reporting to a neutral researcher, which was documented by Gard and 

associates as the best method o f measuring patient adherence, because the patient does not 

feel threatened by a neutral researcher and is more forthcoming to the researcher than to 

the prescribing HCP (Gard 2000).

6.4.13 Patient’s Liver Function Test

As mentioned in Chapters 1 and 4, LFT tests are not normally measured for patients 

attending A M N CH ’s anticoagulant clinics, but as part o f  the study these tests were 

conducted for the study participants because o f the articles published by Shetty et al. 1989 

and Wynne et al. 1995. Table 6.17 shows the mean LFT values for patients in phases 1 

and 2. These results were compared statistically within each phase by gender using a two- 

sample equal variance t-test. Alkaline phosphatase, alanine aminotransferase and gamma 

glutamyl transferase were found to be statistically significantly different between the male 

and female participants in both phases and albumin was also found to be statistically 

significantly different for phase 2 patients.
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Table 6.17 The mean liver function test results measured for phase 1 & 2 patients 

(+S.D.)

Gender Albumin Total Aik. ALT. yGT. (male Total

(35-50 Bilirubin Phos. (7-35 10-55 lU /L), Protein

g/L) (<17 (40-120 lU /L) female (5-40 (60-80

|jmol/L) lU /L) lU /L) g/L)

Phase 1

Female 41.67 10.72 101.02 24.94 30.68 75.92

(2.43) (9.84) (40.48) (11.84) (15.67) (5.78)

Male 42.10 12.25 81.60 33.84 53.36 74.84

(2.92) (4.53) (22.0) (27.66) (44.68) (4.81)

p  value 0.387 0.245 0.001 

Phase 2

0.039 0.001 0.265

Female 40.96 10.9 118.80 20.81 39.64 74.64

(3.03) (6.73) (65.96) (10.85) (32.39) (4.84)

Male 42.16 11.95 97.46 24.47 56.16 74.31

(3.75) (5.47) (33.04) (15.37) (44.0) (5.51)

p  value 0.030 0.294 0.012 0.088 0.008 0.692

t-test between phase 1 & 2 (p values)

Female 0.174 0.905 0.095 0.048 0.098 0.181

Male 0.921 0.711 0.001 0.011 0.709 0.523

The large standard deviation values in Table 6.17 for the yGT probably indicate recent 

differences between patient alcohol consumption and the wide variance in the distribution 

of Aik Phos and ALT mean and standard deviation values could also be associated with 

recent alcohol consumption or perhaps are more likely to be an indicator of decreased 

hepatic function due to age or mild/moderate hepatic failure.

Figure 6.4 shows boxplot distributions of the LFT values obtained for the 202 patients who 

took part in the study. ‘A boxplot is designed to depict, as clearly as possible, the median, 

the quartiles, the ranges o f the data and any outliers which may be present within the data 

set’ (Daly et al. 1995). The normal reference ranges for these LFT parameters are stated in 

Table 6.17. Figure 6.4 shows that the distribution of the LFT measurement is variable. 

The albumin distribution is small although some outliers above the 50g/L upper reference
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limit do exist within the study population. Overall, all o f the distributions exceed their 

upper normal references ranges, indicating variable liver damage and alcohol consumption 

across the entire study population. The two main parameters with quite large distributions 

were Aik Phos and yGT. Both of these parameters are particularly indicative of liver 

disease, drug induced cholestatic jaundice and acute/chronic alcohol consumption (Kumar 

etal. 1996).

The relationship/effect that the six LFT measurements have on patients’ warfarin dosage 

for the entire population were examined with the use o f a PPMC statistical test. When 

each of the variables was correlated with prescribed warfarin dosage, the following r, p, a 

and Cl values were obtained:

1. Albumin (r = 0.072, p = 8.628 X 10'^ Cl = 0.024 to 0.149 and a = 1.536, C l-1.076 

to 4.148).

2. Total Bilirubin (r = 0.008, P = -3.82 x 10 ^ Cl = - -0.28 to 0.20 and a = 5.174, Cl 

4.862 to 5.485).

3. Aik Phos (r = - 0.073, p = -3.90 x \ 0 ' \  Cl = -0.007 to -0.001 and a = 5.524, Cl 

5.213 to 5.833).

4. ALT (r = 0.61, p = 1.156 x 10'^ Cl = 0.002 to 0.022 and a  = 4.831, Cl 4.539 to 

5.123).

5. Male yGT (r = 0.179, p = 1.411 x 10'^ Cl = 0.010 to 0.018 and a  -  4.761, Cl 4.592 

to 4.929).

6. Female yGT (r = -0.181, p =-1.98 x 10'  ̂Cl =-0.025 to -  0.014 and a = 5.502, Cl 

5.334 to 5.671).

7. Total Protein (r = 0.050, p = 4.00 x 10'^ Cl = - 0.002 to -  0.082 and a = 2.134, Cl 

-1.011 to 5.280).
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Figure 6.4 Boxplot o f the LFT data collated for phases 1 and 2 patients (n = 202)

*, o represent outliers.

The effect of LFT measurements on the patients’ warfarin dosage was very small, 

although the Albumin, Aik Phos and yGT measurements did have a statistically significant 

effect on the patients warfarin dosage (p < 0.001). Table 6.18 below shows the number of 

LFT parameters above the upper reference range values. Overall 130 (64.4%) (i.e. 62 

(62.0%) in phase 1 and 68 (66.6%) in phase 2) o f the study patients had at least one LFT 

parameter above the normal reference range. In both phases, the most fi'equent parameter 

above its upper reference range was yGT. Hence, the measurement of a patient’s LFT 

profile with regard to their anticoagulant therapy is of benefit, because while other 

possible contributing factors cannot be identified it is clear Irom these results that many 

patients hepatic status is altered, and hence their ability to metabolise and clear warfarin 

Irom their systems may be impaired.
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Table 6.18 Number of above range LFT values for study patients (n = 202, each 

patient may have had more than one measurement above its upper 

range)

Gender

Albumin Total Bilirubin

Phase 1 and 2 

Aik Phos ALT yGT Total Protein

Male 0 13 27 12 34 15

Female 1 25 15 37 44 19

Total 1 38 42 49 78 34

6.5 Summary

0^erall the phase 2 patient’s attended the AC more frequently than the phase 1 patients, 

they were older, lighter and shorter (Table 6.1). The reason why patients were receiving 

an:icoagulant therapy also varied between the two groups, although the main indication for 

an:icoagulant was AF in both groups (41.0% of phase 1 and 34.3 % o f phase 2 patients) 

(Table 6.2). Both phases spent a similar proportion o f the study period under and over 

an'.icoagulated. During the study period both phase 1 and phase 2 patients spent -55%  of 

the time within their desired INR range. Therefore during the remaining 45% o f the study 

penod patients’ were at an increased risk o f suffering an embolic or haemorrhagic event.

Paients’ weight and height were positively correlated to their average warfarin dosage, 

whereas a patient’s age was negatively correlated. Conversely, patients’ weight and height 

were negatively correlated with their INR measurement and their age was positively 

coTelated to their measured INR value.

T it occurrence o f adverse events was shown to be associated with the proportion o f  the 

INR > 4.5 (x = 298.86, p < 0.001). Similarly, a statistically significant association was 

measured between a patients’ alcohol consumption and gender (Section 6.4.11) and 

beween admitted compliance and gender/marital status (Section 6.4.12). Patients’ LFT 

pa'ameters were correlated to their average warfarin dosage, hi total 64.4% o f the 

paient’s that took part had a least one LFT parameter above its normal range e.g. yGT 

(Tible 6.18). Therefore, it is felt that patients attending AMNCHs AC should have regular 

LFT tests conducted e.g. every 6 months, because if  no other apparent reason can be 

identified for a patients unpredictable response to warfarin, perhaps the LFT parameters
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may indicate either acute/chronic alcohol consumption or longer term hepatic disease i.e. 

an altered ability o f the patients to synthesise the Vitamin K  dependent clotting factors 

(Chapter 1, Sections 1.3 and 1.4).

It has been shown that neural networks are useful in predicting a patient’s daily warfarin 

dosage and INR measurements. The question then arises as to where any o f these NNs 

developed in Chapters 4 and 5 may be put to use. Also it question also arises as to how 

many patients are receiving anticoagulant therapy and approximately how many patients 

are receiving oral anticoagulant drug therapy in Ireland. Several methods o f managing 

patients on oral anticoagulant drug therapy were described in Chapter 2, via GPs, nurses or 

pharmacists in specialised ACs or during normal surgery hours. The means by which 

patients in the Rep. o f  Ireland receive anticoagulant services will be examined in Chapter 7 

and the potential role o f NNs will be explored.
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7 Chapter Seven

Warfarin Use and Patient Care in the Republic of Ireland 

7.1 Introduction

As shown in Chapters 4 and 5 the aim of this thesis is to improve patients’ anticoagulation 

therapy through the potential use of neural networks. Therefore, one has to quantify the 

potential use o f the software developed. The objective o f this chapter is to look at the 

potential use o f NN and to quantify how patients receiving anticoagulant services are 

currently managed i.e. either through primary or secondary care services.

In the period from the design o f the study until Ethics Committee approval was obtained a 

survey of hospital pharmaceutical services was undertaken (Appendix 4). The results of 

this survey were published in the Irish Pharmacy Journal (Byrne et al. 1999) and a copy of 

this paper is included in Appendix 5. This study showed wide variation in the manpower 

levels within Irish hospitals, with only voluntary teaching hospitals staffing levels being 

comparable to hospitals in the U.K. The role of the hospital pharmacist in recent years has 

expanded to include prescription chart review, patient interviews to clarify drug histories, 

counselling on treatment and liaison with practitioners/pharmacists and other HCPs in 

primary care before discharge (Scott 1996).

An increasing range of pharmaceutical services within the hospital pharmacy environment 

has evolved in the last few years, with some pharmacists choosing to specialize in certain 

aspects of the profession, for example: aseptic dispensing, drug information, asthma, 

anticoagulation and HIV therapy. The Pharmacy Dept, o f AMNCH was the only hospital 

pharmacy dept, with a pharmacist involved in its anticoagulant clinic. This pharmacist was 

involved in counselling patients with respect to their medication, in a decision making role 

regarding the individualisation of warfarin dosages with respect to patients’ PT/INR blood 

measurements and in maintaining a computer database of patients who attended the clinic. 

This clinic used venous prothrombin test measurements and allowed a maximum of 12 

week review periods for their stabilised patients. Since 1998 two other pharmacy depts. 

have become involved in the management of their hospitals AC. These are St. John’s 

Hospital, Limerick and James Connolly Memorial Hospital, Dublin.
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The findings o f two other surveys will be reported in this chapter. Firstly, the key findings 

o f a primary care survey o f GPs will be presented followed by an analysis o f  warfarin 

utilisation in the ROI from 1996 to 2000.

7.2 Aims

The aims o f this section are to identify potential roles for NN technology with regards to 

warfarin therapy. This includes the documentation o f  current utilisation levels o f warfarin 

in the ROI compared with data from other countries and to document/quantify the number 

of GPs operating primary care anticoagulant clinics and investigate the quality o f these 

anticoagulant services.
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7.3 Survey of General Practitioners with regard to their provision of 

anticoagulant services in the Rep. of Ireland

7.3.1 Introduction

In order to generate information regarding anticoagulant services provided in primary care, 

a survey o f Irish GPs was undertaken with the help o f  the Irish College o f General 

Practitioners (ICGP).

7.3.2 Method

The primary care results described in this chapter are the findings o f  a questionnaire 

(Appendix 6) mailed to 500 GPs throughout the ROI. The total number o f GPs on the 

ICGP membership database resident in the ROI was 2,303 in September 2000 (ICGP 

2001). Even though membership o f this organisation is not compulsory for GPs the ICGP 

stated that over 95% o f all GPs in the ROI were members. The mailing list was randomly 

selected by the ICGP and no restrictions were imposed upon the selection process. The 

Irish Medical Council were also contacted with regard to the number o f GPs in Ireland, but 

their records contained the details o f all medical physicians and could not be separated by 

speciality e.g. general practitioner. The General Medical Services (GMS) Payments Board 

was also contacted, but their records indicated that 1,679 practices are contracted to Health 

Boards to provide GMS services and that this would not indicate the total number o f GPs 

(GMS 1999). Therefore, an assumption was made that the ICGP database was a good 

indication o f  the number o f GPs in Ireland.

7.3.3 Pilot Study

The questionnaire was piloted during June/July 2000 by the ICGP. The ICGP distributed 

the questionnaire to their research/education committee and comments or additional 

questions were added before posting. One follow-up phone call was made to a GP 

regarding his suggested additional questions and following this conversation it was felt that 

one should try to identify those GPs who maintained electronic databases and an age/sex 

register o f  their patients.
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7.3.4 Study

The final draft o f the questionnaires were mailed during July 2000 to 500 GPs in the ROI. 

The questionnaires were accompanied by a covering letter explaining the aims o f the 

survey, enclosing a freepost self-addressed envelope to try to improve the response rate. 

No reminder follow-up phone calls or letters were made to those who had not returned 

their questionnaires after one month, because it was considered that the response rate had 

been good. The ICGP stated that GPs are bombarded with questionnaires on a daily basis 

and the agreement with this organisation was to send the questionnaire once only.

7.3.5 Survey components

The questionnaire was divided into two separate sections. The first section was to be 

completed by all GPs and contained questions regarding the practice size and the number 

o f private and GMS prescriptions written in the previous week. The second section o f the 

survey only applied to GPs managing anticoagulant patients in their practice and therefore, 

GPs relying solely upon an OPD clinic were not obliged to complete this section. This 

latter section asked whether the GPs had their own personal equipment for measuring a 

patient’s prothrombin time/INR or if  samples had to be sent to a local hospital/laboratory. 

Finally, the GPs were asked what references/guidelines they would refer to while 

monitoring patient’s anticoagulant therapy.

7.3.5.1 Analysis

The data collected from the questionnaires was analysed using the statistics package 

SPSS® version 10.0 and correlation and Chi-squared tests were carried out using this 

package where relevant.
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7.3.6 Results and Discussion

7.3.6.1 Geographical distribution o f  respondents

A total o f 220 questionnaires were completed and returned from the 500 mailed throughout 

the ROI, which corresponded to a 44.0% response rate. Questionnaires were posted to 

21.7% o f the ICGP membership and the 220 respondents correspond to 9.6% of the total 

ICGP membership. The distribution o f GPs and those who responded to the survey are 

shown in Table 7.1. Dublin, Cork and Galway had the highest percentage o f respondents 

and the rural areas with the greatest number o f questionnaires returned were Kildare, 

Tipperary, Donegal, Wicklow and Wexford.

7.3.6.2 Practice dem ograph ic data

The number o f  GP practices that operated an age or gender register within their practice 

was 40.9% (n=90) and 35.5% (n=78) operated both. One hundred and twenty one (55%) 

practices used some form o f electronic record-keeping database (Table 7.2). When a Chi- 

squared test was carried out to see if  any association existed between both types o f record 

keeping methods, a value o f = 61.71 (p = 3.98 x 10“'^) was calculated, therefore 

indicating that there was an association between both types o f  recording systems i.e. GPs 

that generally maintained an age/gender registered did so electronically.
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Table 7.1 Distribution of GP respondents by County.

County Total ICGP 

membership

No. of 

questionnaires 

sent (% of 

total survey)

% of ICGP 

membership

No. of 

questionnaires 

returned (% of  

respondents)

Carlow 28 6(1.2) 21.4 2 (0.9)

Cavan 27 9(1.8) 33.3 7(3.1)

Clare 50 12 (2.4) 24.0 4(1.8)

Cork 300 67(13.4) 22.3 32(14.5)

Donegal 83 18(3.6) 21.7 10(4,5)

Dublin 675 133 (26.6) 19.7 50 (22.7)

Galway 150 29 (5.8) 19.3 12(5.4)

Kerry 83 18 (3.6) 21.7 7(3.1)

Kildare 68 21 (4.2) 30.9 11 (5.0)

Kilkenny 38 10(2.0) 26.3 3(1.3)

Laois 27 8(1.6) 29.6 5 (2.2)

Leitrim 30 2 (0.4) 6.6 1 (0.4)

Limerick 104 14(2.8) 13.5 7(3.1)

Longford 22 6(1.2) 27.3 3(1.3)

Louth 49 13 (2.6) 26.5 4(1.8)

Mayo 66 13 (2.6) 19.7 4(1.8)

Meath 61 10(2.0) 16.4 5 (2.2)

Monaghan 29 6(1.2) 20.7 2 (0.9)

Offaly 25 10(2.0) 40 2 (0.9)

Roscommon 21 7(1.4) 33.3 3(1.3)

SHgo 31 9(1.8) 29.0 6 (2.7)

Tipperary 74 20 (4.0) 27.0 11 (5.0)

Waterford 58 17(3.4) 29.3 7(3.1)

Westmeath 73 10(2.0) 13.7 4(1.8)

Wexford 61 16(3.2) 26.2 8 (3.6)

Wicklow 70 16(3.2) 22.9 10(4.5)

Total 2303 500(100) 21.7 220(100)
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Table 7.2 Number of GPs operating an age/gender register and an electronic 

record-keeping database (%)

Electronic Record Keeping Database 

Age/Gender Yes No

Register Yes 78 (35.5) 12 (5.5)

No 43 (19.5) 87 (39.5)

Fifteen (6.8%) GPs were reluctant to disclose the number o f patients on their practice list 

and indicated this on their questionnaires. The mean list size for the remaining 205 

responding GPs was 3,480.08 (± 3,551.65) patients and the median practice list size was 

2,500 patients (mode = 2,000 patients). Practice sizes ranged between 100 and 24,500 

patients. Figure 7.1 illustrates the frequency of practice list sizes indicated by the 

respondents and Table 7.3 shows the number of patients per geographical area represented 

by the respondent GPs.
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Figure 7.1 Frequency plot of the respondents practice list size (n = 220)
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Table 7.3 Number of patients on the respondents practice lists

County Total no. patients under 

the care of respondent GPs 

(% of total patients)

No. of 

respondent GPs

Mean no. of 

patients per 

practice (± S.D.)

Carlow 5,200 (0.7) 2 2,600 (567)

Cavan 16,900 (2.4) 7 2,414(828)

Clare 13,500(1.9) 4 3,375 (1,888)

Cork 1,00,005 (14.0) 31 3,226 (4,184)

Donegal 41,802 (5.8) 10 4,180 (3,816)

Dublin 1,74,040 (24.4) 44 3,955 (3,645)

Galway 37,400 (5.2) 11 3,400(1,612)

Kerry 20,700 (2.9) 6 3,450(1,308)

Kildare 27,950 (3.9) 10 2,795 (657)

Kilkenny 5,950(0.8) 3 1,983 (1,109)

Laois 13,520(1.9) 5 2,704(1,886)

Leitrim 5,000 (0.7) 1 5,000 (0)

Limerick 24,850 (3.5) 7 3,550(2,419)

Longford 7,500 (1.1) 3 2,500 (500)

Louth 16,250(2.3) 4 4,063 (2,258)

Mayo 6,800(1.0) 4 1,700 (726)

Meath 15,300 (2.1) 5 3,060(1539)

Monaghan 7,500(1.1) 2 3,750(1,768)

Offaly 4,000 (0.6) 1 4,000 (0)

Roscommon 5,900 (0.8) 2 2,950 (636)

Sligo 18,500 (2.6) 5 3,700 (3,334)

Tipperary 17,500 (2.4) 10 1,750 (815)

Waterford 57,500 (8.1) 6 9,583 (12,146)

Westmeath 12,500(1.8) 4 3,125 (2,016)

Wexford 22,980 (3.2) 8 2,873 (2,627)

Wicklow 34,369 (4.8) 10 3,437 (2,170)

Missing 15

Total 513,318 (100) 220 3,480 (3,552)
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The total number of anticoagulant prescriptions written in the previous week was 1,491. 

Of these, the number of GMS and private prescriptions were 1,063 and 428 respectively. 

The mean (± S.D.) per responding doctor for GMS prescriptions was 5.26 (± 5.85) (median 

= 4, mode =3) and for private prescriptions the mean was 2.25 (± 3.02) (median =1, mode 

= 1). Figure 7.2 and Figure 7.3 below show the distribution of the number of prescriptions 

written by GPs in the previous week, 30 and 18 of the respondents did not complete the 

private and GMS prescriptions questions respectively. A correlation coefficient value of 

0.317 was calculated when the number of private and GMS prescriptions were compared, 

both having been corrected for practice list size (r = 0.317, P = 0.557, Cl 0.313 to 0.802 

and a = 2.539 x 10' ,̂ Cl 0.001 to 0.002, p < 0.001). Therefore, if our study population 

wrote 1,491 prescriptions for warfarin and they represented 9.6% of the GPs in the ROI, 

approximately 15,531 prescriptions were written for warfarin by all GPs in the preceding 

week.
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Figure 7.2 Number of GMS prescriptions for warfarin written by respondents in 

the previous week (n = 220)
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Figure 7.3 Number of private prescriptions for warfarin written by respondents in 

the previous week (n = 220)

7.3.6.3 Patient counselling/information sessions regarding warfarin

In 59.9% o f respondents a doctor or nurse conveyed the information regarding 

anticoagulation to patients (i.e. a doctor 29.5%, a nurse 6.8% and either a doctor/nurse 

19.5%). A secretary was responsible for conveying information to patients in 0.5% of 

cases (Figure 7.4). A quote from the editorial section of the ‘Patient Education and 

Communication’ Journal in 1998 stated, “good communication between patients and health 

care professionals is a key element in determining both patients satisfaction and outcome 

o f the health care episode” (Editorial, 1998b). When asked if their practice provided a 

counselling/information session for patients receiving oral anticoagulant therapy, 59.1% 

(n=130) o f respondents indicated that they did provide such a service. Eighty-four (38.2%) 

GPs did not provide information/counselling for patients and 6 (2.7%) questionnaires were 

left blank. The means o f conveying information to the patient is shown in Figure 7.5. In 

the majority o f cases, information was conveyed verbally (44.1%) and in 11.4% (n = 25) o f 

cases anticoagulant booklets were used.
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7.3.6.4 Management o f  therapy

The survey provided information regarding the personnel involved in managing 

anticoagulant patients. This information is summarised in Figure 7.6. The respondents 

indicated that they personally managed their patients’ care in 40.9% (n=90) of the cases. 

Fifty seven (25.9%) relied solely on OPD hospital clinics and 29.1% (n=64) state that they 

mainly relied on OPD clinics, but in some scenarios e.g. patients being immobile, they 

managed the anticoagulant therapy. Patients managed solely by their GPs corresponded to 

47.2% and 45.8% of the GMS/private prescriptions written respectively. A similar study 

conducted by Pell and colleagues in Scotland found that 56.5% of Scottish GPs indicated 

that they solely managed their patients’ anticoagulant therapy (Pell et al. 1994).
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R e s p o n d e n t / h o s p i t a l  
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Figure 7.6 How a patient’s anticoagulant therapy is managed

Two possible hypotheses were proposed. That the means by which a patient’s therapy was 

managed was associated with firstly the size of the GPs practice list and secondly the 

location of the GP. Both of these hypotheses were examined using the Chi-squared test for 

association and a value of = 225.22 (p = 0.319) was calculated for the first indicating 

that no association existed between the management of a patient’s therapy and the GPs 

practice list size. When the second hypothesis was tested using a Chi-squared test, a value 

of = 133.53 (p = 0.014) was calculated. Therefore, the means by which a patient’s
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therapy is managed is associated to the GPs geographical location, but not to practice list 

size i.e. patients in rural areas are managed by their GP, whereas patients in large urban 

district are more likely to have their anticoagulant therapy managed by a hospital AC.

One GP replied that a nurse in another practice, was managing their patients anticoagulant 

therapy. This nurse was part o f Dublin’s South Inner City Anticoagulant project, which is 

based in the old M eath hospital and is under the direct supervision o f three local GPs in 

that area.

7.3.6.5 Near Patient PT/INR measurements

Eight (3.6%) o f the respondents indicated that they used a near patient testing system 

called ‘CoaguChek®’ in their practices. As 8 GPs o f the 220 respondents (3.6%) had 

access to these ‘near patient testing’ machines, it is possible that approximately 83 GPs 

nationally (3.6%  o f  the total ICGP membership) may currently be using this type o f 

equipment. This calculation possibly overestimates the number o f near patient testing 

machines currently in use throughout the ROI, as Roche Diagnostics were only aware o f 

15 such machines currently in use in Irish GP practices (M urphy 2001). Although, other 

near patients testing machines are available commercially, no information was available 

regarding the number in use throughout the ROI or perhaps GPs with an interest in blood 

monitoring are more likely to respond to a questionnaire on warfarin. The 8 practices were 

based in the following counties; Cavan, Cork, Donegal, Dublin, Meath, Offaly (2) and 

Tipperary. Their practice list sizes varied between 2,000 -  12,500 patients and there was 

no association between having a near patient monitor and practice size or the ratio o f GMS 

to private prescriptions (p > 0.05 in each case).

All 8 o f the GPs had the same near patient testing machine i.e. CoaguChek®. This machine 

is a hand held instrument that can measure a patients’ INR/PT time within 5 minutes. 

Controversy surrounds the use o f these machines and it is crucial that strict quality control 

guidelines are adhered to in order for the machine to analyse and produce/reproduce 

reliable and accurate results for patients (Jennings et al. 1991). GPs were asked how 

frequently control blood samples were sent to a central laboratory, so that the accuracy o f 

their machinery could be verified. Three (37.5%) o f the users did not know what quality 

control processes were carried out and 2 (25.0%) did not carry out any. The remaining 3
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GPs conducted QC measurements varying from monthly to twice yearly (Figure 7.7). 

Similarly, the respondents were asked how often they used internal control samples to 

measure the accuracy of their equipment. Figure 7.8 below shows that the respondents 

varied from “don’t know” (37.5%) to “every new pack of test strips” (25.0%). Roche 

recommend CoaguChek® users to carry out internal QC measurements with every new 

pack of strips. Therefore, only 25% of users were using the equipment correctly, which 

seem very low (Murphy 2001).
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Figure 7.7 The number of respondents carrying out external quality control 

checks on their near patient testing equipment.
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Figure 7.8 The frequency at which CoaguChek® users carry out internal quality 

control checks on their near patient testing equipment.

The 8 users of near patient testing machines were also asked to indicate the type of blood 

samples they used in the machine. Six (75.0%) stated that they used capillary samples, 

whereas 1 (12.5%) GP used a venous sample. The remaining GP used both types 

depending upon the patient.

7.3.6.6 Hospital Laboratories used to determine patient’s INR measurements
The remaining 152 (69.1%) GPs that solely monitored anticoagulant therapy did so by

using a local laboratory for the analysis of patients’ blood samples and 25.9% relied solely 

upon hospital OPD clinics. If the number of GPs using local laboratories is scaled up to 

represent the entire GP population, approximately 2,203 GPs in the ROI are monitoring 

patients’ anticoagulant therapy and are using local laboratory services for analysis 

purposes.

The GPs using local laboratory services in the management of patients’ anticoagulant 

therapy were asked to specify the hospital/laboratory used. Table 7.4 shows the frequency 

at which the respondents specified 26 hospitals providing laboratory services. These 26 

hospitals correspond to 21.8% of hospitals nationally and the majority specified by
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respondents (n=47) were located in Dublin, with the others scattered around the country 

(Dept, o f Health 1996).

Table 7.4 The use of hospital laboratories for analysis of patient’s PT/INRs by 

GPs

Hospital Incidence Hospital Incidence

Mater Misericordiae* 10 M ullingar General 

Hospital

2

St. Jam e’s Hospital* 10 Naas General Hospital 2

AMNCH* 9 Limerick Regional 

Hospital

2

Beaumont Hospital* 8 Bantry Central Hospital 1

Victoria Infirmary Hospital, 

Cork

5 St. Joseph’s Hospital, 

Longford

1

St. Vincent’s Hospital* 5 Mallow General Hospital, 

Cork

1

Cork University Hospital 4 Monaghan General 

Hospital

1

James Connolly Memorial 

Hospital*

4 Portiuncula Hospital, 

Ballinasloe

1

Our Lady o f Lourdes Hospital, 

Drogheda

4 Port Laoise General, 

Hospital

1

Mercy Hospital, Cork 3 Roscommon County 

Hospital

1

St. Joseph’s Hospital, Clonmel 2 St. John’s Hospital, 

Limerick

1

St. Joseph’s Hospital, Ennis 2 St. M ichael’s Hospital* 1

Castlebar General Hospital 2 Tralee General Hospital, 

Kerry

1

* Dublin
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The tum-around times specified by the respondent GPs is shown in Figure 7.9. There were 

17 different turn-around times ranging from 1 to 100 hours (mean = 29.71 (±25.38) hours, 

median and mode = 24 hours.) i.e. the length of time between samples being taken and a 

patient’s warfarin dose being confirmed with the patient. Figure 7.9 and Figure 7.10 below 

show the distribution of the stated turn around time for patients’ blood samples. Turn

around times greater than 24 hours were indicated by ~39% of the respondents (Figure 

7.10). There was no significant difference between the turn around times for private and 

GMS patients (p > 0.05).

Gozzard and co-worker described a similar situation to that of Irish GPs in a letter to the 

editor of the BMJ describing how GPs in North East Wales rely upon blood samples being 

sent from their practice to the hospital laboratory, where a patient’s INR is then measured. 

Results are generally sent via return post, except when they were outside the 2.0-4.5 INR 

range in which case they are telephoned to the GP on the same day (Gozzard et al. 1996).
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Figure 7.9 Turn around times stated by the GP for patients blood samples
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Figure 7.10 Cumulative % plot o f the turn around times stated by GPs for patients 

blood samples

7.3.6.7  Staff taking blood samples

As stated in Chapters 1 and 2, it is vital that patients taking an oral anticoagulant have 

regular PT/INR measurements conducted because of the risk associated with prolonged 

periods of over and under anticoagulation. The grade/qualifications of personnel involved 

in managing/monitoring anticoagulant therapy varies and in order to document the various 

grades involved GPs were asked to indicate the personnel involved (Table 7.5). Pell and 

associates reported that practice nurses in Scotland took blood samples in 82.5% of cases 

(Pell et al. 1994), whereas 25.5% (n=56) of the respondents indicated that they themselves 

took the patients blood samples and 24.5% (n=54) stated that a nurse took the samples 

(Table 7.5).

7.3.6.S Who alters a patient’s dosage?

69.5% (n=153) of respondents stated that a doctor makes changes to a patient’s dosage 

regimen; a nurse alters the dose in 0.9% (n=2) of cases and either a doctor/nurse in 2.3% 

(n=5) situations. Unfortunately, no information was available regarding the qualifications 

of the nurses involved in altering patients’ warfarin dosages and whether or not they had 

completed any post-registrations qualification in relations to anticoagulant therapy. The 

remaining GPs relied upon OPD anticoagulant clinics.
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Table 7.5 Staff involved in taking blood samples.

Member of Staff Number of respondents % of respondents

Doctor 56 25.5

Practice Nurse 54 24.5

Doctor/ Practice Nurse 41 18.6

Trained member o f staff 2 0.9

Other 7 3.2

Nurse in a local hospital 1 0.5

7.3.6.9 Use o f  com puter software

The sample population was also asked if  they used computer software to aid in the 

management o f their anticoagulant patients. Eight (3.6%) respondents had software that 

they used for the management o f anticoagulant patients (Table 7.6). Three (1.4%) GPs 

used their computer software programmes to suggest a patient’s warfarin dosage.

Table 7.6 Functions for which respondents use their computers in the 

management of anticoagulant patients

Functions No. of respondents % of respondents

Database only 2 0.9

Audit 1 0.5

Database and appointments 1 0.5

Database and dosage 1 0.5

adjustment

Database, appointments and 1 0.5

audit

Database, appointments. 1 0.5

audit and dosage adjustment

Dosage adjustment only 1 0.5

Total 8 3.6
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7.3.6.10 Use o f  international guidelines

Several international publications have appeared in medical literature in the past few years 

regarding standard guidelines for the management o f  anticoagulated patients (British 

Society o f Haematology 1990 & 1998; Ansell et al. 1997; SIGN 1999). This survey 

provided us with the opportunity to ascertain if  GPs knew o f these guidelines and what 

other guidelines they use in their everyday practice. The majority were aware o f  and used 

the British Society o f Haematology guidelines (Table 7.7), although 5.7% o f GPs solely 

managing patients’ anticoagulation followed no guidelines or felt that common sense was 

sufficient in managing such patients (Table 7.7).

Table 7.7 The information sources used by GPs managing anticoagulant patient’s 

care

Guidelines No. of respondents managing 

their patients care (%) n=141

British Society o f  Haematology ‘Guidelines on 72 (51.1)

oral anticoagulation; edition*

Medical experience/Irish Medicine Board 25 (17.7)

guideline

Local hospital/consultant 20(14.2)

Ansell J.E., et al ‘Consensus guidelines for co 8 (5.7)

ordinated outpatient oral anticoagulation therapy

management**

Both British Society guidelines and Ansell 3(2 .1)

British National Formulary 2(1 .4)

Irish Medical Journal article 1 (0.7)

Medical Textbooks 1 (0.7)

National Drug Information Guidelines 1 (0.7)

Common sense 1 (0.7)

None 7 (5.0)

*British Society o f  H aem atology1990 & 1998). 

**Ansell et a/. 1997
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7.3.6.11 Review periods between INR measurements

The review period between appointments varied from clinic to clinic. AMNCH patients 

are allowed a maximum period of 12 weeks between PT/INR measurements, which is the 

standard period for stabilised patients documented in the literature (British Society of 

Haematology 1990 & 1998). The majority o f  respondents in this survey indicated that the 

review period between PT/INR measurements for their patients is 4 weeks and only 17 

indicated that their maximum review period was that recommended by the British Society 

of Haematology. Figure 7.11 shows the maximum review periods allowed for patients 

solely under their GPs care. Pell and colleagues also found that patients managed by GPs 

were reviewed statistically more frequently (16 days vs. 42 days) than those attending a 

hospital OPD clinic (Pell et al. 1994).
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7.4 Comparison of Warfarin Utilisation/Defined Daily Dosages (DDD) 

in Rep. of Ireland and other Countries

7.4.1 Introduction

The purpose o f this section/survey is to monitor the level o f warfarin consumption and 

look at trends in warfarin’s utilisation in the ROI over the last 5 years using DDD 

information to examine any trends (Chapter 2, Section 2.6).

7.4.2 Method 

7.4.2.1 De/in ed Daily Dosage Data

Antigen Pharmaceuticals Ltd. is the sole supplier of warfarin in the ROI. Warfarin sales 

figures were obtained from Antigen for 1996 to 2000 inclusive. Population figures for the 

ROI were taken from the Central Statistics Office (CSO) publications between 1996 and 

1999. The population figures used in the year 2000 calculations were predictions by the 

CSO contained in the 1999 bulletin. These figures enabled DDD/1000 inhabitants/day to 

be calculated for the Irish population using the international mean daily dose of warfarin 

i.e. 7.5mg daily (Finish Statistics on Medicine 1996-2000).

Nordic Countries e.g. Finland, Norway, Denmark and Iceland publish medicine utilisation 

statistics on an annual basis and drugs are listed according to the Anatomical Therapeutic 

Chemical (ATC) classification e.g. the ATC code for warfarin is B01AA03. The defined 

daily dosage (DDD) data for Norway, Finland, Iceland, Denmark and the Faroe Islands 

was obtained directly from the relevant National Health Boards/Medical Statistics Offices 

or in the case of Finland, from their official annual medicine statistic reports (Finish 

Statistics on Medicine 1996-2000; Danish Medicines Agency 2001; Ministry of Health 

Iceland 2001, National Board of Health Norway 2001; National Corporation of Faroese 

Pharmacies 2001). The WHO defined daily dosage used by all countries in the calculation 

of these statistics was 7.5mg of warfarin.
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7.4.3 Results and Discussion

7.4.3.1 DDD data for the Republic o f Ireland

Figure 7.12 shows a plot o f the calculated DDD values for the ROI graphically over a 5- 

year period. Since 1996 a 36% increase in warfarin utilisation has been observed. Antigen 

Pharmaceutical Ltd; were contacted regarding the apparent decrease in Ireland’s DDD 

warfarin values during 1997. A possible explanation offered was that in August 1996 a 

‘Dear Doctor’ letter was circulated by Antigen, reminding doctors o f the importance o f 

regular PT/INR measurements (Mockler 2000). This letter might have discouraged doctors 

from prescribing warfarin or may have increased the level o f anticoagulant monitoring 

with a subsequent reduction in patients’ dosages.
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Figure 7.12 Graphical plot o f the DDD/1000 inhabitants/day o f warfarin in the Irish 

population
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7.4.S.2 International DDD data

The DDD/1000 inhabitants/day of warfarin in Finland, Denmark, Norway, Iceland and The 

Faroe Island are shown along side Ireland’s figures in Figure 7.13 over the same 5-year 

period (all DDD/1000 inhabitants/day were calculated assuming that the mean daily 

dosage of warfarin was 7.5mg daily). Figure 7.13 shows that during 2000 in Ireland, 3.39 

in every 1,000 of the population were taking warfarin daily. Therefore, using the CSO 

population projection for 2000 (i.e. that the population of Ireland will be 3,780,000 

people), the total number of people taking warfarin on a daily basis in 2000 was 12,814 

(Central Statistics Office 1999). By comparison, the number of people in Norway taking 

warfarin is 2.6 times greater than Ireland. Two distinct groups also seem to exist within 

the data i.e. Finland and Norway’s utilisation of warfarin is greater than the other 

countries.
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Figure 7.13 Graphical plot of the DDD/1000 inhabitants/day of warfarin

Over the 5-year period, all countries except Ireland have shown a consistent increase in the 

utilisation of warfarin (Figure 7.13), possibly due to an increasing number of patients with 

atrial fibrillation being prescribed warfarin. Communication with the Nordic countries 

resulted in the suggestion that the WHO recommended figure of 7.5mg warfarin daily was 

not used by all of the countries, whereas in fact it was. Another suggestion fi’om Norway 

was that perhaps different populations metabolise warfarin at different rates or perhaps are 

more sensitive/resistant, therefore requiring less/more warfarin respectively (Danish
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Medicines Agency2001; M inistry of Health Iceland 2001; National Board o f Health 

Norway2001). This second explanation is feasible and recent research examining patients 

sensitivities to warfarin have shown that patients’ with differing variants o f cytochrome 

P450 CYP2C9*2 and CYP2C9*3 require only low dosage o f  warfarin i.e. 1.5mg or less 

daily (Aithal et al. 1999).

Other interesting comments received from Norway, Finland and Iceland were that it was 

possible that indication for/intensity o f anticoagulation therapy varied from country to 

country. Iceland, in particular, thought that a possible source o f error in the DDD 

calculations could be due to varying strengths o f warfarin tablets being commercially 

available in different countries, but DDD figures are designed to overcome these 

differences by using the total amount in milligrams o f the active ingredient used in any 

given year (Finish Statistics on Medicine 1996-2000; M inistry o f Health Iceland 2001, 

National Board o f Health Norway 2001).

Poller and co-workers reported variations in mean daily warfarin dosage requirements 

between different countries in 1982. They surveyed 23 countries and found that AC 

centres in Northern America prescribed higher mean daily dosages than European 

countries and that physicians in Hong Kong seemed to prescribe lower dosages than the 

rest o f the world (Poller et al. 1982). The mean dosage prescribed in UK participating sites 

was 5mg daily. Similarly, Fitzmaurice and associates in 1996 reported that “wide variation 

in mean international warfarin doses existed -  Hong Kong under 2mg, North America over 

8mg and British figures between these extremes” and “variations in doses were explained 

by the different sensitivities o f thromboplastins used for testing, with the thromboplastin 

used in Hong Kong being more sensitive than the one in North America, resulting in lower 

warfarin doses” (Fitzmaurice et al. 1996). If a patient’s PT were reported using the 

internationally recognised INR reporting system, the variance in response o f different 

thromboplastins to a patient’s clotting factors could not be responsible for the international 

variances observed in these reported mean warfarin dosage.

The Finish Statistics on Medicine Agency, in their 1997 publication, stated, “the defined 

daily dose often deviates from the dose, which, in practice, is prescribed by the doctor. 

This other unit, prescribed daily dose (FDD), would be a more accurate figure for 

measuring consumption. Another problem is that very often patients do not follow their
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prescribers’ directions. Thus it must be emphasized that DDD is a technical unit o f 

measurement which facilitates following the trend and drug consumption between 

countries” (Finish Statistics on Medicine 1997).

From the data collected in phases 1 and 2, the mean daily dose o f patients attending 

AMNCHs ACs was calculated to be 5.13mg o f warfarin per day and when the DDD/1,000 

inhab/day is calculated using this figure instead o f 7.5mg per day, the number o f patients 

taking warfarin rises to 4.96 per 1,000 o f the population in the year 2000 (Figure 7.14) i.e. 

a total o f 18,749 patients in Ireland were taking warfarin on a daily basis, 1.46 times more 

than if the DDD of 7.5mg was used.

If this new figure o f 18,749 is compared with the number o f prescriptions written in 

Section 7.3.6.2 i.e. 15,531 the difference between the two figures equals 3,218 patients. 

These 3,218 patients are probably managed by hospital OPD departments and receive their 

private prescriptions for warfarin fi'om the hospital OPD, although some crossover will 

exist between prescriptions written by GPs for patients managed in OPD clinics.
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Figure 7.14 Graphical plot o f the DDD/1000 inhabitants/day o f warfarin in the Irish 

population using a DDD value o f 7.5mg or 5.13mg
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7.5 Summary

In total, 220 GPs returned questionnaires and this corresponded to 9.6% o f the total ICGP 

database. O f these, 55% relied upon hospital OPD anticoagulant clinics to manage 

patient’s oral anticoagulant therapy and the remainder managed their patients’ therapy 

themselves but in a variety o f  ways e.g. 8 (3.6%) GPs had in their possession a near patient 

testing machine, although the quality control procedures varied greatly amongst these GPs. 

The South Inner City Project was indicated by only 1 GP in the Dublin area. The 

remaining GPs managed their patients’ warfarin therapy by having blood samples analysed 

by 1 o f 26 hospitals (Table 7.4), but the variability o f the turnaround time was large 

(Figure 7.9 and Figure 7.10). Approximately 39% o f respondent GPs had to wait more 

than 24 hours for patients’ INR results to be confirmed by the analysis laboratory.

Verbal information (44%) regarding anticoagulant therapy was the main method o f 

conveying information to patients and this was done by the GP in 29.5% o f cases. 

Approximately 56% o f GPs were aware o f international anticoagulant guidelines regarding 

the management o f patients’ therapy, although 5.7% used no guidelines or considered 

‘common sense’ sufficient when managing patient’s therapy.

The usage o f warfarin in the ROI is 2.6 times less than that in Norway/Finland, but its 

usage has increased by 36% in a 5 year period between 1996 and 2000. If  the international 

DDD figure (7.5mg) is used in the calculations, in the year 2000 there were 12,814 patients 

throughout the ROI on oral anticoagulant therapy at any time. Alternatively, the researcher 

proposed that this figure o f 7.5mg daily was too high and a value o f 5.13mg daily should 

have been used in the calculation. When this was carried out, the number o f patients in the 

ROI theoretically receiving warfarin therapy increased to 18,749. This figure is also 

comparable with the number o f prescriptions written by Irish GPs.

As mentioned earlier, a survey o f hospital pharmacy depts. was undertaken in 1998 and at 

that time only one hospital in Ireland i.e. AMNCH had a pharmacist involved in their AC. 

Since then two other pharmacy depts. have become involved in the running o f their 

hospital’s AC and as shown in Chapter 2 (Section 2.4) the involvement o f a pharmacist in 

such clinics has improved the quality o f patient care.
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Currently AMNCH anticoagulant clinic is the only Irish AC that has published its 

performance i.e. the quality of care received by patients (Young et al. 2001). No other 

research in the ROI regarding anticoagulant therapy in primary care has been carried out 

until now. The survey of GPs conducted here only represents approximately 10% of the 

GPs currently practising in the ROI and perhaps a larger study would be warranted, 

although it is clear from the findings of this survey that patients are left too long waiting 

for blood test results and that those GPs who conduct INR measurements in their own 

practices, using CoaguChek® do not follow Roche’s recommended quality control 

guidelines.

Therefore, the opportunity exists to improve on the current care being received by Irish 

patients and one possible means of effective improvement would be for some form of a 

NN package to be made available to primary care GPs to assist them in deciding on a 

patient’s anticoagulant dosage and in predicting the resultant INR measurement.
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8 Chapter Eight 

General Discussion

8.1 The use of Neural Networks in Management of Anticoagulant 

Therapy

Originally, the aim o f the study was to design a neural network system that could 

model/mimic the prescribing patterns o f the HCP working in the AC o f AMNCH. Later 

this initial goal o f predicting a patient’s dosage was expanded to include the prediction o f a 

patient’s INR measurement.

8.1.1 Patients’ daily warfarin dosage

NN modelling techniques have been used in the Dept, o f Pharmaceutics and 

Pharmaceutical Technology regarding tablet formulation problems and therefore, the 

opportunity arose to examine the possibility o f using these techniques in a hospital setting 

regarding ora! anticoagulant therapy. The first scenario to be modelled by the NNs was 

that illustrated in Figure 4.1 i.e. a patient’s daily dosage o f  warfarin. The objective o f this 

task was to see if  a NN could be taught to prescribe a similar dosage o f  warfarin to that 

being prescribed by the HCPs for patients attending the AC.

This development was conducted using the parameters listed in Table 4.1 and/or those 

listed in Table 4.2. Four different investigations were carried out for each problem, both 

excluding and including a patient’s LFT parameters. The four different investigations 

were as follows;

1. NNTCD NNs were optimised and trained using the data collated from phase 1 

patients only (Chapter 4, Sections 4.4.2, 4.4.3 & 4.4.5) (NNs nos. 1 and 2).

2. The NNTCD NNs, optimised and trained in Chapter 4, were tested with the 737 

patient encounters collated from phase 2 patients (Chapter 5, Section 5.4.1) (NNs 

nos. la  and 2a).

3. The number o f patient encounters assigned to the training set was increased to 

1,000 and NNTCD NNs were optimised and trained using these 1,000 encounters 

(Chapter 5, Section 5.4.2), (NNs nos. 5 and 6).
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4 . Trajan® NNs with the optimised architecture identified in 1 and 3 above, were 

trained using 1,000 encounters (Chapter 5, Section 5.4.5), (NNs nos. 9 and 10).

Initially, when the 16-1-1 and the 23-1-1 NNs (i.e. NNs nos. 1 and 2) were trained and 

tested using the phase 1 data only, the resultant plots showed promising results (Figure 

4.13 and 4.18) i.e. the correlation coefficient calculated showed linear agreement between 

the two variables (r = 0.94) and the slope of the regression line ((3 = 0.86) showed a large 

measure of agreement between both the predicted and prescribed dosages o f warfarin 

(Table 4.6). The Bland and Altman plots also demonstrated that the differences between 

the two measurements were normally distributed around the mean difference, with some 

outlying predictions (Figures 4.22 and 4.24). The same values for r and P were obtained 

when the patients’ LFT parameters were included (i.e. NN no. 2) in the modelling process 

(Table 4.6). However, NN no. 2 suggested fewer clinically inappropriate dosage 

alterations than NN no. 1 (Table 8.1), indicating that NN no.2 is preferable. These 

suggested dosage alterations were deemed inappropriate if  the NN suggested decreasing 

patients daily warfarin dosage where they were already under anticoagulated or increasing 

it for patients already over anticoagulated.

The NNs developed in Chapter 4 (nos. 1 & 2) were tested using the 737 patient encounters 

collected for the phase 2 patients i.e. NNs nos. la  and 2a. A poor fit was obtained (Figures 

5.1 and 5.4), r and p being 0.89 and 0.74 respectively for the 16-1-1 NN (NN no. la) and 

they were the same for the 23-1-1 NN (NN no. 2a). As a result, the percentage of 

inappropriate predictions went up for the 23-1-1 NN (NN no. 2a) (10.3% vs. 5.0%), but the 

16-1-1 NN (NN no. la) (9.8% vs. 9.9%) remained the same (Table 8.1).

NN nos. 5 and 6 were optimised and trained with 1,000 patient encounters. The remaining 

393 cases were used as a test/validation dataset. The regression and correlation coefficient 

values were the same for both NNs increased slightly to p = 0.78 and r = 0.89 (Table 5.3). 

The percentage of inappropriate dosage predictions decreased from 9.8% to 6.9% for the 

16-1-INN (NN no. 5) and from 10.3% to 7.6% for the 23-1-IN N  (NN no. 6) (Table 8.1).

These findings indicate that the 16-1-1 NNs (i.e. no. 1 and la) trained solely on phase 1 

data were not presented with a sufficiently varied case mix and the incorporation of 

additional cases from phase 2 (no. 5) aided the NN in its learning process. Interestingly,
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the 23-1-1 NN trained and tested solely with phase 1 data (i.e. no.2) performed best o f all, 

but when it was evaluated with phase 2 data (no. 2a), its performance decreased, in that its 

percentage o f inappropriate dosages rose to 10.3% (Table 8.1). The corresponding Bland 

and Altman plots in both o f these scenarios (NNs no. la  & 2a i.e. Figures 5.3 & 5.6 and 

NNs no. 5 & 6 i.e. Figures 5.16 & 5.19) illustrated fewer outliers and a smaller spread in 

the scatter o f the outlying values in the latter series o f networks i.e. when the training set 

consisted o f  1,000 cases.

Table 8,1 Summary of the NNs and HCP dosages considered inappropriate

NN number NN Structure Number of inappropriate predictions (% of

total test scenarios)

Total Number over Number under

anticoagulated anticoagulated

NNTCD Phase 1 Test n = 101

1 16-1-1 NN 10(9.9) 10(9.9) 0 (0.0)

2 23-1-1 NN 5 (5.0) 5 (5.0) 0 (0.0)

NNTCD Phase 1 Test n = 737 (entire Phase 2)

la 16-1-1 NN 72 (9.8) 39 (5.3) 33 (4.5)

2a 23-1-1 NN 76(10.3) 40 (5.4) 36 (4.9)

NNTCD 1,000 cases Test n = 393

5 16-1-1 NN 27 (6.9) 11 (2.8) 16(4.1)

6 23-1-1 NN 30 (7.6) 15 (3.8) 15(3.8)

Trajan® 1,000 cases Test n = 393

9 16-1-1 NN 44(11.2) 11 (2.8) 33 (8.4)

10 23-1-1 NN 78 (19.8) 13 (3.3) 65 (16.5)

Trajan networks were also used to predict patients’ daily warfarin dosages and the 

predictions from these networks i.e. NNs no. 9 and 10, initially seemed to be closer to 

those o f the prescribing HCP than the NNTCD networks i.e. in both scenarios using 

Trajan® networks the regression and correlation coefficients were the same (P = 1.03 and r
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= 0.90) (Table 5.7). On average these values were closer to 1 i.e. a perfect match to the 

dosages prescribed by the HCP, but Table 8.1 illustrates that NNs nos. 9 and 10 had the 

highest percentage o f  inappropriate dosage suggestions i.e. the variability in its predictions 

was greater. Therefore, all o f the NNs trained and tested in this thesis mimic the 

prescribing behaviour o f the HCP to varying degrees, but the most successful for 

predicting a patient’s warfarin dosage was the NNTCD 16-1-1 NN trained using 1,000 

patient encounters i.e. NN no 5.

It has been demonstrated that all o f the NNs could be trained to mimic the prescribing 

behaviour o f the HCP. We must also consider how accurate the prescribing HCPs are in 

their suggested dosages. It is evident from Table 6.4, that the HCPs are not always correct 

in their decisions, because phase 1 and phase 2 patients spent only 56.8% and 54.1% 

respectively o f the study periods within their desired therapeutic FNR ranges. These 

figures are comparable with the findings o f other published studies (Duxbury 1982; 

Gottlieb et al. 1994), although higher percentages o f  time within the desired therapeutic 

INR ranges have been reported in a pharmacist-managed clinic (67%, Foss et al. 1999).

An alternative approach would be to use the NN to predict the optimal warfarin dosage 

rather than the dosage prescribed by the HCP. This could be done by training a NN with 

dosages prescribed by the HCP that resulted in therapeutic INR readings only.

8.1.2 Patient’s INR measurement

The second modelling scenario to be undertaken by the NNs is illustrated in Figure 4.2 i.e. 

the use o f  NNs to predict a patient’s INR measurement subsequent to the decision made by 

the prescribing HCP regarding warfarin dosage.

The optimisation process described in Chapter 4 (Section 4.4.6) was conducted using phase 

1 data only. Two different sets o f input variables were used i.e. excluding/including a 

patient’s LPT parameters (Table 4.1 and/or Table 4.2). This optimisation process resulted 

in two networks whose momentum and learning rates were equal to 0.1, and whose 

architectural structure was 15-1-1 and 22-4-1 respectively i.e. NNs nos. 3 and 4. The 

evaluation o f these NNs predictions o f a patient’s INR value was similar to that described 

for the dosage problem above. Four different investigations were carried out for each
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scenario, both excluding and including a patient’s LFT parameters. The four different 

investigations were as follows:

1. NNTCD NNs were optimised and trained using the data collated from phase 1 

patients only (Chapter 4, Sections 4.4.6, 4.4.7 & 4.4.8) (NNs nos. 3 and 4).

2. The NNTCD NNs optimised and trained in Chapter 4, were tested with the 737 

patient encounters collated from phase 2 patients (Chapter 5, Sections 5.4.1.4, 

5.4.1.5 and 5.4.1.6) (NNs nos. 3a and 4a).

3. The number o f  patient encounters assigned to the training set was increased to 

1,000. The NNTCD NNs were optimised and trained using these 1,000 encounters 

and tested using the remaining 393 encounters (Chapter 5, Sections 5.4.2.4, 5.4.2.5 

and 5.4.2.6), (NNs nos. 7 and 8).

4. Trajan® NNs (with the optimised architecture identified in 1 and 3 above) were 

trained using 1,000 encounters and tested with the remaining 393 encounters 

(Chapter 5, Section 5.5.2), (NNs nos. 11 and 12).

When NNs nos. 3 and 4 (i.e. the 15-1-lNN and the 22-4-1 NN) were trained to predict a 

patient’s INR measurement, the resultant plots illustrated similar trends i.e. as the patients’ 

measured INR values increased, the difference between the predicted and measured values 

got larger (Figures 4.35, 4.36, 4.38 and 4.39). In other words, the NNs under predicted 

high INR values. The prescribing HCP also underestimated these high measurements. 

Table 8.2 illustrates that the NNs nos. 3 and 4 predicted -65%  o f their test patients’ INR 

values within 0.5 INR units o f the patient’s actual measured value. Clinically, both 

networks predicted the patients’ INR measurements better than the prescribing HCP 

(Figure 4.43 & Table 8.2), in that the differences between the NNs predictions and the 

actual INR values were less (0.79 (no.3) and 0.75 INR units (no. 4)) than the difference 

between those o f  the prescribing HCP and the desired INR values (1.05 INR units). The 

prediction o f INR values less than 2 and greater than 4.5 INR units were also evaluated, 

because patients under anticoagulated are at an increased risk o f experiencing a 

thromboembolic event, while patients over anticoagulated are at an increased risk o f 

experiencing a haemorrhagic event. Similarly, when prescribing warfarin for a patient, the 

prescribing HCP is not expecting INR values less than 2.0 or greater than 4.5 INR units.

These NNs were then evaluated/tested with the entire phase 2 dataset (i.e. NNs nos. 3a and 

4a). The percentage o f the NNs predictions within 0.5 INR units o f the actual values
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decreased for both the 3a and 4a NNs compared to NNs no. 3 and 4 (42.6% and 52.9% 

respectively). NN no. 3a predicted a higher percentage o f the sub and supra therapeutic 

INR readings than the 4a NN (Table 8.2). Similarly, the prescribing HCP was not 

expecting these sub and supra therapeutic INR readings and the NNs could have 

potentially alerted the HCP to these cases. The 3a NN also identified an additional 20 

patients whose INR readings where outside their target INR range, but were not greater 

than 4.5 INR units (Chapter 5, Section 5.4.1.6). Therefore, the no. 3a NN would have 

identified 56% o f the supra therapeutic INR readings.

The number o f training cases was increased to 1,000 and the optimum NN architectures 

were identified. NNs nos. 7 and 8 were then trained using 1,000 cases and tested on the 

remaining 393 patient encounters. The resultant frequency plots o f  the NNs predictions 

(Figures 5.22, 5.23, 5.24 and 5.25) illustrated the previously mentioned trend i.e. the NNs 

underestimated high INR readings. The percentage o f the NNs predictions that were 

classified within 0.5 INR units o f the actual values for the no. 8 NN (i.e. the 22-4-1 NN) 

was 1.6 times more than the INR values classified within this range by no. 7 NN. 

Clinically, the performance o f the nos. 7 and 8 NNs to predict sub and supra therapeutic 

INR readings was also assessed. Both NNs predicted a similar percentage o f over 

anticoagulated patients. NN no. 8 identified an additional 4 patient INR readings that 

would be above their normal range. Therefore NN no. 8 (i.e.22-4-1 NN) would have 

highlighted 25% o f the patients requiring a dosage reduction (Chapter 5, Section 5.4.2.6).
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Table 8.2 Summary of the NNs INR predictions

NN number Mean difference 

between the 

predicted and 

measured INR 

values (INR 

units)

No. of INR 

values within 0.5 

INR units of the 

measured value 

(% )

Number of 

INR values 

<2.0 INR 

units (%)

Number 

of INR 

values 

>4.5 INR 

units (Vo)

Phase 1 only. Test n = 101

3 (15-1-1 NN) 0.79±0.92 66 (65.3) 0 1(1.0)

4 (22-4-1 NN) 0.75±0.89 65 (64.4) 0 2 (2.0)

HCP 1.05±1.14 40 (39.6) 21 (20.8) 9 (8.9)

Phase 2 test set. Test n = 737

3a (15-1-1 NN) 0.64±0.65 314(42.6) 25 (3.4) 6 (0.8)

4a (22-4-1 NN) 0.80±0.82 390 (52.9) 13 (1.8) 1 (0.1)

HCP 0.82±0.84 299 (40.6) 196(26.6) 46 (6.2)

1,000 in training set. Test n = 393

7(15-1-1 NN) 0.74±0.70 106 (27.0) 0 (0.0) 1 (0.3)

8 (22-4-1 NN) 0.75±0.69 177 (45.0) 4(1.0) 1 (0.3)

HCP 0.79±0.70 154(39.2) 94 (23.9) 24 (6.1)

Trajan® NN trained with 1,000 cases. Test n = 393

11 (15-1-1 NN) 0.78±0.77 179 (45.5) 22 (5.6) 0 (0.0)

12(22-4-1 NN) 0.95±0.76 116(29.5) 0 (0.0) 4(1.0)

HCP 0.79±0.70 153 (38.9) 94 (23.9) 24 (6.1)

Disappointingly, when the number of training cases was increased to include 1,000 

scenarios (i.e. NNs nos. 7 and 8), this resulted in a lower percentage of patient’s INR 

measurements being predicted within 0.5 INR units (Table 8.2). The Bland and Altman 

plots for these 4 different NNTCD networks (i.e. NNs nos. 3a, 4a, 7 and 8) all showed the 

same trend in the network’s INR predictions i.e. the NNs tend to under predict the high 

INR values (Figures 5.10, 5.12, 5.23 and 5.25). This problem of the neural network’s 

predictions being biased towards the most frequently occurring INR values in the training 

set was referred to in Section 4.4.7.2 (Figure 4.41). In a separate study, this issue has been
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examined in collaboration with the Dept, o f Computer Science. Specifically, the 

possibility o f using boosting techniques was explored. The findings o f  these additional 

investigations were that the performance o f these NNs could be improved (Appendix 7).

The Trajan® software package was also used to predict INR measurements when it had 

been trained on 1,000 patient encounters (NNs nos. 11 and 12). It is evident from Table 

8.2 that the Trajan® 15-1-1 NN (no. 11) is an improvement upon the NNTCD 15-1-1 (no.

7), but the converse is true o f the NNTCD 22-4-lN N  (no. 8 vs. no. 12). The Trajan® Bland 

and Altman plots illustrated the same trends referred to for the NNTCD NN (Figure 5.37 

and 5.39), however the mean sum o f squared difference calculated for the NNTCD NNs 

are less than the values calculated for the Trajan® NNs (Tables 5.4 and 5.10).

Table 8.2 also illustrates that the Trajan® network (no. 11) excluding the patients LFT 

parameters predicts a similar number o f INR measurements within 0.5 INR units o f the 

actual patients INR measurements to the 22-4-1 NN using the NNTCD package (NN no.

8). The difference between the Trajan® 22-4-1 NN (no. 12) predictions and the actual INR 

values was greater than the difference calculated for the prescribing HCP (0.95 vs. 0.79 

INR units) (Table 8.2).

In the results presented in this thesis, the capability o f  a network was assessed by its 

performance in predicting the desired outcome and this performance was estimated by the 

difference in the netw ork’s predictions compared to the actual values measured for the test 

cases (Figures 4.1 and 4.2). The Trajan® 16-1-1 NN (NN no. 9) predicted warfarin dosage 

closer to that o f the prescribing HCP, but the NNTCD 16-1-1 NN (NN no. 5) predicted 

fewer inappropriate dosage alterations than the Trajan® network (27 vs. 44) (Table 8.1). 

Regarding a patient’s INR reading, the Trajan® 15-1-1 NN (NN no. 11) and the NNTCD 

22-4-1 NN (NN no. 8) predicted the ESTR measurements within 0.5 INR units for a similar 

number o f cases (Table 8.2), but the difference between the measured and predicted INR 

values was less for the NNTCD 22-4-1 than for the Trajan® 15-1-1 NN (Table 8.2). At this 

stage it is unclear as to why the different NNs give different results. It has been suggested 

that the commercially available system (Trajan®) may have built in boosting properties 

(Cunningham 2001). This has yet to be confirmed by the manufacturers.

227



/

Chapter 8

8.1.3 Other factors that affect anticoagulant therapy

When the NNs were initially trained using phase 1 data, promising results were observed, 

but when these NNs were tested with the entire phase 2 dataset, their performance 

deteriorated relative to that o f the HCP (Table 6.5 & Table 8.2). There are three possible 

explanations:

1. The data collected in phase 1 did not sufficiently represent the anticoagulant 

population o f AMNCH.

2. The population had changed in some way.

3. The HCPs had improved in their prescribing over the course o f  the study.

The percentage o f patients who admitted consuming alcohol in the week prior to their 

clinic visit was higher for phase 2 than for phase 1 (61.5% vs. 18.1%, Chapter 6, Section 

6.4.11). Similarly, the percentage o f patients admitting to being non-compliant with their 

prescribed dosage regimen was higher for phase 2 than phase 1 (9.0% vs. 3.2%, Chapter 6, 

Section 6.4.12). The incidence rates o f patients being co-prescribed interacting medicine 

was 1.5 times greater for phase 2 than for phase 1 patients (0.003 and 0.002). Similarly, 

the incidence rates o f  phase 2 patients taking an interacting OTC/herbal product was 

double that o f phase 1 (0.0006 vs. 0.0003) (Chapter 6, Section 6.4.9). The length o f time 

phase 2 patients spent within their desired therapeutic INR ranges decreased compared to 

phase 1 (54.1% vs. 56.8%), However the figures for the entire population o f the AC in 

AMNCH were similar, with values o f 58.5% during phase 1 o f the study and 59.1% during 

phase 2 (Table 6.4). Therefore, phase 2 patients varied significantly in their alcohol 

consumption, admitted compliance and concurrent use o f medicines from phase 1 patients 

and these factors may partially explain why the performance o f  the NNs trained in Chapter 

4 decreased when tested on phase 2 data.

The HCP performance at predicting a patient’s INR measurement also improved 

throughout the study. As illustrated in Table 8.2 the difference between the HCP predicted 

fNR values and the actual INR readings measured for the test patients decreased from 1.05 

INR units in phase 1 to 0.79 INR units for phase 2.

Patient education and compliance are also closely monitored in the AC o f AMNCH. The 

clinic uses a ‘Yellow Book’ to inform patients about their oral warfarin therapy and every 

in-patient receives counselling about his/her therapy from the ward pharmacist. This
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intensive counselling and monitoring o f patients could have resulted in the high level o f 

admitted compliance documented for the study patients (93.7%, Chapter 6, Section 6.4.12).

8.1.4 Potential Uses for NNs in Anticoagulant Therapy

Cerebrovascular diseases, including stroke, accounted for 2,580 (8.2%) o f  the total deaths 

in Ireland during 1998. The number o f deaths resulting from a stroke can be divided into 

males (41.6%) and females (58.4%) (frish Heart Foundation 2001).

It was estimated that the number o f patients taking warfarin on a daily basis in the year 

2000 was between 15,531 and 18,749 people (Chapter 7, Section 7.4.3). Approximately 

55% o f  GPs relied upon hospital OPD clinics to manage their patients’ anticoagulant 

therapy. Therefore, between 6,989 and 8,437 patients have their anticoagulant therapy 

managed by their GP. The findings for the clinic’s population in AMNCH indicate that 

patients spend approximately 58% o f the time within their desired therapeutic INR range 

(Table 6.4). Therefore, at any given time 4,951 to 5,980 patients (i.e. 58% o f those 

managed by a hospital OPD AC) are within their desired therapeutic INR range. This 

would represent 31.9% o f the total population receiving oral anticoagulant therapy in the 

ROI daily. No information was available with regard to the length o f time patients 

managed by their GPs in the ROI were within the desired range. The AMNCH AC is 

managed by two pharmacists and carries out monthly audits o f its performance. 

Unfortunately, figures regarding any other hospital AC in the ROI were not available. The 

figures for AMNCH may also be higher than other clinics nationally since, as documented 

in the literature, the involvement o f a pharmacist in the management o f  the clinic has a 

positive impact on the length o f time patients spend within their desired INR ranges 

(Garabedian-Ruffalo et al. 1985; Foss et al. 1999; Holden et al. 2000).

NNs have a potential role in AMNCH’s AC since, as illustrated in Table 8.2, the NNs 

predicted ESfR measurements better than the prescribing HCP. NNs could also be used by 

the 45% o f GPs solely managing their patients’ anticoagulant therapy (-6,989 to 8,437 

patients) or in other hospital OPD clinics. These NNs could be used as either a stand-alone 

package or in conjunction with other anticoagulant packages currently available on the 

market. The INR NN could be used in conjunction with a dosage NN trained solely on 

patient encounters that resulted in therapeutic INR readings. As this NN would only be
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trained with correct information and theoretically it should perform better, but further 

validation studies would be required.

Warfarin is under utilised in the ROI compared to other European Countries (Figure 7.13). 

The probable cause o f this under utilisation is that Irish GPs are reluctant to prescribe 

warfarin unless such therapy is initiated for patients while hospitalised. This reluctance to 

initiate anticoagulant therapy in primary care is well documented in medical literature and 

is due in part to the lack o f resources available to GPs in ensuring their patients are 

monitored appropriately (Mendelson et al. in 1998; Sudlow et al. 1997; Whittle et al. 

1997), Another possible explanation is that the Irish population may be more sensitive to 

anticoagulant therapy i.e. the variants o f cytochrome P450 CYP2C9*2 and CYP2C9*3 in 

the Irish people may be different from our European counterparts and this should be 

investigated in the future (Aithal 1999).

With the GMS Payments Board authorising £27 per PT/INR test carried out by GPs for 

patients on oral anticoagulant therapy under their management and the advent o f near 

patient testing monitors, it is only a matter o f time before GPs nationally initiate primary 

care monitoring services within their practices. This is likely to result in a dramatic 

increase in the number o f  patients being prescribed oral anticoagulant therapy in the next 

few years. Any increase in the number taking warfarin may not be associated with an 

increase in the benefits associated with such therapy. For these benefits to be seen, it is 

necessary for GPs to be educated in the QC requirements o f  near patient testing machine 

and the long-term management o f anticoagulated patients. Hence, the potential exists for a 

NN to aid GPs in the management o f patients’ warfarin dosages and INR predictions.

In their present form, the NNs built, trained and tested in this thesis are not in a user- 

friendly state. These networks would have to be developed by a software engineer and 

they could be marketed either as a CD or via a World W ide Web based package. Once 

developed, the possibility exists for a larger scale clinical trial to be conducted in order to 

investigate the true benefit o f this type o f technology with regard to anticoagulation. 

Ideally such a trial would take place in both primacy and secondary care clinics.
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FEDERATED DUBLIN VOLUNTARY HOSPITALS AND ST. JAMES’S HOSPITAL

JOINT RESEARCH ETHICS COMMITTEE

Confidential Research Protocol, 1997 Edition.

This protocol was developed based on general principles of medical ethics, the Control of 

Clinical Trials Acts 1987 and 1990, as amended, and European Guidelines of Good Clinical 

Practice.

Please read the attached introductory notes, then complete the protocol in typescript. All 

relevant sections must be fully completed. Place an “X” or ^  after the appropriate response in 

the boxed areas. NA is an abbreviation for Not Applicable.

1. Title of research project:

The use of Artificial Neural Networks (ANN) in an outpatient anticoagulant clinic.

2. Name of local project supervisor(s) -  (who should ordinarily be a hospital consultant) 

Prof I. Graham, Consultant Cardiologist, and Dr. H. Enright, Consultant Haematologist, Ms. 

A. Barry, Senior Pharmacist and Mr. T. Delaney, Chief Pharmacist, Adelaide and Meath 

Hospital, Dublin incorporating the National Children’s Hospital.

Prof O. I. Corrigan, Head of Pharmaceutics Department, Trinity College Dublin.

3. What are the objectives of the research project?

The objectives of this project are to identify the relationships between patient variables 

such as age, weight, height, diet, concurrent medication, liver function, INR and warfarin 

dose. Once a neural network is built, this information will be used to train and validate it. 

These objectives may then lead to improved patient care and better therapeutic control of 

anticoagulant therapy.
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4a. Does the design o f the study allow a statistically significant conclusion to be reached?

4b. Has statistical advice been sought?

YES ✓ NO

YES ✓ NO

5. W ill the conduct of the project conform to the principles of the Declaration of Helsinki

(Recommendations guiding Medical Doctors in Biomedical Research involving Human 

Subjects; these are included in the introductory notes)?

YES ✓ NO

If not, elucidate:

6. Please itemise here any ethical problems which you perceive to be associated with the 

research project:

Additional blood samples are required for the purpose o f  liver function tests. These additional 

blood samples will be taken initially and at regular intervals throughout the study by the 

phlebotomists at the same time as the International Normalised Ratio (INR) measurement.

Initially approximately 100 patients will be interviewed in detail using the data collection 

form, shown in Appendix 1. This information is required to train the network. Once 

trained the network will be tested using similar information gathered from a new 

previously unsampled group o f approximately 100 patients. This information will then 

allow the network to be validated and tested in the anticoagulant clinic for its accuracy at 

predicting warfarin dose/INR. At all times throughout the study, patients will remain 

under the care o f their doctor and the final decision regarding a patient’s warfarin dose will 

remain with their doctor.
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SECTION A

Details of project

7. Background: 

A. W hat person or organisation devised this project?

Prof. O. 1. Corrigan, Head o f Pharmaceutics Department, Trinity College Dublin in 

conjunction with Mr. T. Delaney, Chief Pharmacist, Adelaide and Meath Hospital, Dublin 

incorporating the National Children’s Hospital devised this project.

B. Has a detailed research protocol been drawn up? (If so, such documentation 

must be submitted to the Committee.)

YES ✓ NO

C. Has the investigator who will present the project to the Committee studied all 

the documentation drawn up for the project, and will the documentation be studied by 

all the investigators before the project begins?

YES ✓ NO

D, Briefly describe the scientific rationale for the project:

Anticoagulant therapy is used to reduce the embolic risk associated with many diseases 

e.g. atrial fibrillation, deep vein thrombosis and aortic value replacement. The decision to 

anticoagulate a patient must be made on an individual basis, taking into account both the 

potential benefits and risks. The aim o f such therapy is to prevent pathological clot 

formation in patients at risk and also to prevent clot extension and thrombosis. O f the 

various oral anticoagulants available warfarin is the most widely used world-wide, and 

probably the most extensively investigated. Warfarin has a narrow therapeutic index and, 

for safe rational anticoagulant therapy, understanding o f various factors that influence an 

individual's response to the drug is essential.

The control o f warfarin therapy is established in each patient individually. Patients receive 

a loading dose o f warfarin and the dose is then adjusted until the INR is within the required 

range. The INR is a standardised method o f reporting prothrombin time, which 

compensates for the difference in responsiveness o f different thromboplastin reagents used
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in the prothrombin time assay between anticoagulant clinics.' The INR is calculated by 

using the following formula:

i^PTpatient IP T m eanN orm al)'^’

ISI = International Sensitivity Index.
PT = P rothrom bin  Tim e

An abnormal response to warfarin may also be secondary to impaired hepatic function, 

concurrent prescribed and over the counter (OTC) medication, poor compliance, kinetic
'y

resistance/sensitivity, or tissue sensitivity.

Artificial Neural Networks (ANN) are a type of learning system that can be categorised 

under the broad classification of artificial intelligence. ANN are computational systems, 

which mimic the computational abilities of biological systems by using large numbers of 

simple interconnected artificial n e u r o n e s . T h e y  quantify relationships between input 

variables and responses. A network generally is composed o f three layers, known as (a) 

the input layer, (b) the hidden layer and (c) the output layer. The number o f variables 

being measured determines the number of inputs a network has. Likewise, the number of 

output values is related to the problem being solved or analysed.

After construction, a network must be exposed to data, so that it will learn to predict 

accurately. After this initial training phase, the network may then be tested by exposing it 

to new, previously unseen data, while carefully observing its outcomes.

ANN have been used clinically by several researchers, e.g. Maclin et al trained and 

validated a network to correctly diagnose renal cancer in 47 patients.^ He similarly used a 

network to accurately diagnose hepatic masses in 75.0% of cases, compared to 50% of 

cases accurately diagnosed by radiology residents.^ Randall et al used a neural network to 

estimate creatinine clearance and Furlong et al used a network to aid in the diagnosis of MI
7 8using a paired set o f cardiac enzymes. ’ To date no studies have being published using 

liver function tests as an input variable, while using ANN to predict warfarin dosages.^
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8. Planning and organisational structure (briefly outline the study methods, the various 

treatment groups, what parameters will be studied, how often and for how long, and what 

outcome measures or end points will be used to assess the efficacy o f  the project, for each 

subject):

Phase 1

A random sample o f  approximately 100 patients attending the Adelaide and Meath 

Hospital, Dublin incorporating the National Children’s Hospital Anticoagulant Clinic, will 

be interviewed during the waiting period, between having blood taken for PT/INR 

measurement and attending the clinic.

Patients’ liver function test will also be determined at baseline and at regular intervals 

throughout the study. Patients shall be interviewed in detail while noting specific pieces o f 

information using the data collection form, shown in Appendx 1.

This information will then be analysed and used for training purposed o f the neural 

network.

Phase 2

Once trained the network will be tested using similar information gathered from a new 

previously unsampled group o f approximately 100 patients. This information will then 

allow the network to be validated and tested in the anticoagulant clinic for its accuracy at 

predicting warfarin dose and INR. At all times throughout the study, patients will remain 

under the normal on going care o f their doctors.

9. W hat is the nature and extent of the medical examination that participants and 

controls are to undergo before participating in this project?

NA
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10. How will the health o f the participants and controls be monitored during and after 

the trial? (list clinical, laboratory and other examinations):

During regular visits to the outpatient anticoagulant clinic. Patients’ prothrombin times will be 

determined as usual. Liver function tests will also be determined at baseline and at regular 

intervals throughout the study.

11. Will participants or controls undergo independent medical examination, before, 

during or after the trial?

YES NO ^

✓

12. If a placebo group is to be used, will the group receive the best standard therapy?

YES NO ^

✓

13. If the project involves the use of radioactive substances or o f laser therapy has the 

approval of the Head of Medical Physics been obtained?

YES NO

N A /

If not, elucidate:
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SECTION B 

Investigators and Facilities

14. Name, qualification and position of each person associated with this project:

Name Qualification Position

a) Prof. I. Graham Consultant Cardiologist, Adelaide &

and his Cardiology team. Meath Hospital, incorporating the National

Children’s Hospital

b) Dr. H. Enright Consultant Haematologist, Adelaide & Meath Hospital, 

incorporating the National Children’s Hospital

c) Mr. S. Byrne B.Sc. (Hons) Pharmacy, M.R.Pharm.S, M .P .S .I., 

Postgraduate Pharmacy Student, Dept o f  Pharmaceutics, 

Trinity College Dublin

d) P ro f O. I. Corrigan B.Sc. (Pharm) (N.U.I.), M.A., PhD (N.U.I.), F.T.C.D. 

Head o f Pharmaceutics Department, Trinity 

College Dublin

e) Ms. A. Barry B.Sc. (Pharm), M.Sc. (Hospital Pharmacy), M.P.S.I., Senior 

Clinical Pharmacist, Adelaide and Meath Hospital, 

incorporating the National Children’s Hospital

f) Mr. T. Delaney B.Sc. (Pharm), M.P.S.I., C hief Pharmacist, Adelaide and Meath 

Hospital, incorporating the National Children’s Hospital
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15. Is each investigator a registered medical practitioner?

YES NO ✓

If not, elucidate;

Prof. I.Grahman and Dr. H. Enright are both registered medical practitioners. Prof O. I. 

Corrigan, Mr. S. Byrne, Ms. A. Barry and Mr T.Delaney are pharmacists, registered with the 

Pharmaceutical Society of Ireland.

16. Is each investigator a member of a major medical defence body?

YES NO ✓

If not, elucidate:

Both Prof I. Graham and Dr. H. Enright and their medial teams are members of a major 

medical defence body. Prof O. I. Corrigan, Mr. S. Byrne, Ms. A. Barry and Mr T. Delaney 

are not members o f any medical defence body.

17. W hat payments, monetary or otherwise, if any, are to be made to any of the 

investigators (include payments to any institution or research facility)?

NA

18. W hat payments, whether monetary or otherwise, if  any, are to be made to any 

person or institution providing facilities to be used for the purpose o f the clinical trial?

NA

19. In which hospital or facility will the project take place?

The Adelaide and Meath Hospital, Dublin incorporating the National Children’s Hospital.
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SECTION C 

Participants

20. How many subjects and controls from this centre are expected to participate in this 

project? Number

Subjects: 200 Controls:

21. If this is a multicentre trial please indicate:

NA

a) the expected overall number of subjects: Number

b) the number and geographical distribution of the centres involved in the study:

22. W hat criteria are to be used for the selection of participants?

Patients must be attending the outpatient anticoagulant clinic at the Adelaide and Meath 

Hospital, Dublin incorporating the National Children’s Hospital and receiving warfarin.
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23. Are women of childbearing potential included?

YES

So

NA

If so, does the protocol/patient information sheet address the 8 points in the committee's 

checkhst for studies involving women o f childbearing potential (1-scientific justification, 2 -  

negative teratogenic studies, 3-w am ing to subject that fetus may be damaged, 4-initial 

negative pregnancy test, 5-form s o f contraception defined, 6-duration o f  use to exceed drug 

metabolism, 7-exclude those unlikely to follow contraceptive advice, 8-notify investigator if 

pregnancy suspected)?

YES NO

N A /

24. State the exclusion criteria (age, other illness, other medications etc.):

Patients will be excluded from this study, if they are receiving any other anticoagulant 

besides warfarin or if  they are pregnant or intending to become pregnant in the near future.

25. W hat are the proposed methods by which participants and controls are to be 

recruited?

"Direct request to suitable patients attending investigator's clinic"

YES ✓ NO

NA

If no, elucidate:

26. W hat inducements or rewards, whether monetary or otherwise, are to be offered to 

participants and controls?

None.

YES NO

N A /

If no, elucidate:
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27. W hat arrangements exist to provide compensation to each participant who may 

suffer injury or loss as a result of this research project?

Since this study will not interfere with standard care, no provisions have been made regarding 

compensation to any participants.

28. Have you submitted to the committee, with this form, a patient information leaflet 

and consent form prepared by a sponsor or other external group, or a patient 

information leaflet and consent form based on the committee's guidelines (attached to

this form) to be given to each participant and control?

YES 7  NO

If no, elucidate;

29. W hat criteria are to be used to ensure that the identity of each participant and 

control remains confidential?

"Only the investigator's group within the institution will know the identity o f 

the subjects; codes will be used to conceal identities."

YES 7  NO

If no, indicate the criteria used.

30. Give details of any risks to subjects or to controls from investigative or therapeutic 

procedures or from withholding of therapy?

NOTE: for the protection o f both the investigator and the subject this list must be 

comprehensive and must also appear in full in the patient information leaflet.

There are no perceived risks associated with this study, patients will receive their warfarin 

therapy as usual. Additional blood samples will be taken for the purpose o f liver function 

tests. These additional blood samples will be taken by the phlebotomists at the same time as 

the INR measurement.
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All patients will remain under the normal on going care o f  their doctors through out the study. 

Once validated the network will be used to determine warfarin dosages, but the final decision 

regarding dosage will remain under the doctors control.

31. Indicate how adverse events are to be notified and evaluated:

Adverse events normally associated with anticoagulation e.g. bruising, excessive bleeding will 

be treated in the normal way as determined by the doctor in charge o f the outpatient 

anticoagulant clinic.

SECTION D 

Drugs and other Therapeutic Substances

32. Is the object of this project to assess the effect of a drug or therapeutic substance?

YES 

NO ✓

If NO, skip to section E, page x.

33. Name of the substance or preparation which is the subject of the proposed project:

34. Name of the company or organisation which produces this substance or preparation;

35. Does the organisation and performance of this trial conform to the European 

Directives on Good Clinical Practice?

YES NO

36. Give details of the pharmacology, dosage, toxicity, and side effects of the substance 

or preparation:

NOTE: for the protection o f both the investigator and the subject the list o f side effects must 

be comprehensive and must also appear in full in the patient information leaflet.
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Product Authorisation

37. Is there a Product Authorisation ?

YES NO

38. If there is a Product Authorisation, does the study involve a new use not included in 

the authorisation, or a dose in excess of the maximum authorised, or otherwise exceed 

authorisation)?

YES NO ^

39. Irish Medicines Board:

Application for approval of the study has been made.

KA YES NO PENDING

DATE o f Application:

Approval has been received.

NA YES NO PENDING

DATE o f Approval:

Conditions attached

YES ^

40. Is the preparation or substance given with therapeutic intent? (Is the principal 

purpose o f its administration to prevent disease in or to save the life, restore the health, 

alleviate the condition or relieve the suffering o f  the patient -  in contrast to testing a drug in 

normal controls or volunteers or giving a drug purely to study pharmacokinetics?).

YES NO

note that if the answer is NO patients who are unable to physicallv sign consent or unable 

to comprehend the nature, significance, and scope of the consent required, may not 

participate.
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41. Will the trial begin within 6 days of recruitment? (In order to allow for mature 

consideration by the participant, a period o f 6 days must elapse from the time a subject is 

invited to participate in a drug trial (and been given appropriate information) and the beginning 

o f the study. If such a delay is not possible the 6 day rule may be waived by the IMB

YES NO

41a If YES, has a request for a waiver of the 6 day rule been made to the IMB?

YES NO

42. Indicate what phase (IMB phase 1-4) of drug testing the trial represents.

Phase 1 Pharmacokinetics in healthy volunteers 

Phase 2: Early studies (kinetics and dose ranging)

Phase 3: Large safety and efficacy studies in population to be treated

Phase 4: Post-marketing/monitoring Phase

1 2 3

4

SECTION E

43. I confirm that the information provided in this protocol is correct. I also undertake to 

provide an annual report on the anniversary o f Research Ethics Committee approval with 

details o f the number o f  subjects who have been recruited, the number who have completed the 

study and details o f  any adverse effects.

Signed: (Project Supervisor)

Date:

Completed protocols should be returned to Mr D. Lynch, Secretary, Joint Research Ethics 

Committee, P.O. Box 795, Jam es’s St, Dublin 8.
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Research Ethics Committee comments;

IMB approval

YES PENDING ^

Insurance 

YES NO

Approved subject to

Approved 

Signed:

Date:

Approval by Irish Medicines Board

Other conditions:

(Chair)
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Project Protocol.

Title:

Investigator:

Supervisor:

Introduction:

Anticoagulant therapy is used to reduce the embolic risk associated with many diseases 

e.g. pulmonary embolism, deep vein thrombosis and atrial fibrillation. The decision to 

anticoagulate a patient must be made on an individual basis, taking into account both the 

potential benefits and risks o f such therapy. The aim o f warfarin therapy is to prevent 

pathological clot formation in patients at risk and also to prevent clot extension and 

thrombosis. O f the various oral anticoagulants available, warfarin is the most widely used 

world-wide, and probably the most extensively investigated. W arfarin has a narrow 

therapeutic index and, for safe effective anticoagulant therapy, understanding o f the 

various factors that influence an individual's response to the drug is essential.

The control o f warfarin therapy is established in each patient individually. Patients receive 

a loading dose o f warfarin and the dose is then adjusted until the International 

Normalised Ratio (INR) is within the required range. The INR is a standardised method o f 

reporting prothrombin time, which compensates for the difference in responsiveness o f

The use o f Artificial Neural Networks (ANN) in an outpatient 

anticoagulant clinic

Mr. S. Byrne, Postgraduate Pharmacist, Pharmaceutics Department, 

Trinity College Dublin

P ro f O. I. Corrigan, Head o f Pharmaceutics Department, Trinity 

College Dublin

P ro f I. Graham, Consultant Cardiologist, and Dr. H. Enright, Consultant 

Haematologist, The Adelaide and M eath Hospital, Dublin incorporating 

the National Children's Hospital

Ms. A. Barry, and Mr. T. Delaney, Pharmacy Department, The Adelaide 

and Meath Hospital, Dublin incorporating the National Children's 

Hospital
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different thromboplastin reagents used in the prothrombin time assay between 

anticoagulant clinics.' The INR is calculated by using the following formula;

{PT patient IP T  mean Normaly^'

ISI = International Sensitivity Index 

PT = Prothrombin Time

It has been shown that there is significant inter-laboratory variation o f ESTR for the same 

plasma. This measurement is dependent upon the type o f  equipment and type o f clotting 

reagent used to determine patient’s PT. Ray et al showed that with the same reagents and 

same plasma samples, mean PT varied from 10.7-12.7 depending on the type o f equipment 

been used.^

An abnormal response to warfarin may be secondary to impaired hepatic function, 

concurrent prescribed and over the counter (OTC) medication, poor compliance, kinetic 

resistance/sensitivity, or tissue sensitivity.^

Artificial Neural Networks (ANN) are computational systems, which mimic the 

computational abilities o f  biological systems by using large numbers o f  simple 

interconnected artificial neurones.'* They evaluate relationships o f  patterns in response to 

exposure to facts. A network generally is composed o f three layers, known as a) the input 

layer, b) the hidden layer and c) the output layer. The number o f  variables being measured 

determines the number o f inputs in a network. Likewise, the number o f output values are 

related to the problem being solved or analysed.

After construction, a network must be exposed to data, so that it will learn to predict 

accurately. After this initial training phase, the network may then be tested by exposing it 

to new, previously unseen data, while carefully observing its outcomes. At all times 

throughout the study, patients will remain under the care o f  their doctors.
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Objectives:

The objectives o f  this project are to identify the relationships between patient variables 

such as

■ age,

■ weight, 

height,

• diet,

■ concurrent medication, 

liver function and

■ warfarin dose.

Once a neural network is built, this information will be used to train and validate the 

network. This may then lead to improved patient care and better therapeutic control o f 

anticoagulant therapy.

Methods:

Phase 1

A random sample o f  approximately 100 patients attending the Adelaide and Meath 

Hospital, Dublin incorporating the National Children’s Hospital anticoagulant clinic, will 

be interviewed during the waiting period, between having blood taken for PT measurement 

and attending the clinic.

Patients’ liver function tests will also be determined at baseline and at regular intervals 

throughout the study. Patients will be interviewed using the data collection form, shown in 

Appendix 1.

This information will then be analysed and used to train a neural network using software 

currently available in the Department o f Pharmaceutics, Trinity College Dublin. All 

information will be treated anonymously.

Phase 2

Once trained, the network will be tested using similar information gathered from a 

previously unsampled group o f patients (approximately 100 patients). This information 

will then allow the network to be tested in the anticoagulant clinic for its accuracy at 

predicting warfarin dose/INR.

273



A p p en d ix  I

Clinic Schedule.

Patients attend the phlebotomy 

department for a blood test to determine 

their prothrombin time. This value is 

expressed as INR

There is a waiting period before patients 

attend the clinic.

Patients attend the anticoagulant clinic. 

A SHO/Registrar and a pharmacist are 

present in the clinic.

The warfarin dose is adjusted if  required.

^ ----------------------------

Patients make a new appointment.

Proposed intervention.

An additional blood sample (5mls) will 

be taken, to allow liver function test to 

be determined for every patient taking 

part in the study. Background 

information will also be collected using 

the Data Collection Form in Appendix 1.

During the waiting period, patients will 

be interviewed regarding their 

knowledge o f  warfarin, and relevant 

information recorded in their 

anticoagulant booklet will be noted.

Once the network is trained to predict a 

patients prothrombin time 

(INR)/warfarin dose - the accuracy o f 

such predictions can be tested using 

information gathered from other patients 

attending the clinic.

Once trained and tested the network is 

compared with standard care.
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What will be done with the results?

The findings o f  the study will be submitted for publication to a medical or pharmaceutical

based journal.

All information will be used in my final thesis to be submitted to Trinity College Dublin.

References:
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Patient Information and Consent

Title o f  study:

The use o f  Artificial Neural Networks (ANN) in an outpatient anticoagulant clinic. 

Introduction:

Blood does not usually clot in the blood vessels, but it can following illness, immobility, 

or an operation. Anticoagulants like warfarin are used to prevent such clots, by slowing 

down the clotting process.

W hile attending the clinic, a phlebotomist takes a blood sample. The blood is tested to 

see how fast it clots. This may vary during treatment, so you have a blood test each time 

you attend the clinic. The result o f the test is expressed as a number called ‘The 

International Normalised Ratio’ (INR), which is used to determine your dose o f  warfarin.

The purpose o f this study is to identify any connection between patient variables (e.g. 

age, weight, medicines, liver function and INR) and warfarin dose using ANN. ANN is a 

type o f computer system used to examine data. The information mentioned above will be 

used to train the computer and may then lead to improved control o f  your warfarin 

therapy.

Procedures:

Phase 1

A random sample o f approximately 100 patients attending the Adelaide and Meath 

Hospital, Dublin incorporating the National Children’s Hospital anticoagulant clinic will 

be interviewed, between having their blood taken and attending the clinic.

Sufficient blood will be taken not only to measure your INR but also to conduct a liver 

function test.

I will interview you, on the same day as your anticoagulant clinic. During this interview 

I will ask a number o f  questions about your dose o f warfarin and any other medicines you
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are taking or have taken over the last few months. This information will then be analysed 

and used by the computer system to evaluate anticoagulant therapy.

Phase 2

Once trained, the computer will be tested using similar information gathered at a later 

date. This information will then allow the computer network to be tested against the 

existing method o f determining warfarin dose/INR.

Benefits:

Once the neural network is trained, it may improve anticoagulant control for you and 

other patients.

Risks:

You will receive your warfarin as usual. The additional blood will be taken to determine 

your liver function, but this is not considered a risk. During the interview, information 

already available in your anticoagulant booklet will be recorded and will not interfere 

with your treatment. Once the computer is trained it will operate in the clinic to predict 

your INR/warfarin dose along with existing methods. All patients will remain under the 

care o f their doctors through out the study.

Exclusion from participation:

You will be excluded from this study, if  you are receiving any other anticoagulant 

besides warfarin or if  you are pregnant or intending to become pregnant in the near 

future.

Confidentiality:

All information will be treated anonymously. Your name will not be published and will 

not be disclosed to anyone outside the hospital who is not involved in the study.

Compensation:
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Your doctors are covered by standard medical malpractice insurance. Nothing in this 

document restricts or curtails your rights.

Voluntary Participation:

You have volunteered to participate in this study. You may quit at any time. If  you 

decide not to participate, or if  you quit, you will not be penalised and will not give up any 

benefits that you had before entering the study.

Stopping the study:

Your doctor may stop your participation in the study at any time without your consent. 

Permission:

This study has hospital Research Ethics Committee approval.

Further information:

You can get more information or answers to your questions about the study, from myself, 

Stephen Byrne (Pharmacist) or from any other doctor or pharmacist in the clinic. If your 

doctor learns o f important new information that might affect your desire to remain in the 

study, he or she will tell you.
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Consent Form

Title of study:

The use o f Artificial Neural Networks (ANN) in an outpatient anticoagulant clinic.

This study and this consent form have been explained to me. The doctor / pharmacist at 

the anticoagulant clinic has answered all my questions to my satisfaction, I understand 

what will happen if  I agree to be part o f this study.

I have read, or had read to me, this consent form. I have had the opportunity to ask 

questions and all my questions have been answered to my satisfaction. I freely and 

voluntarily agree to be part o f this research study, though without prejudice to my legal 

and ethical rights. I have received a copy o f the agreement.

Participant's Name:

Participant's Signature:

Date:

Date on which the participant was first furnished with this form:

Where the participant is incapable o f comprehending the nature, significance and scope 

of the consent required, the form must be signed by a person competent to give consent to 

his or her participation in the research study (other than a person who applied to conduct 

the study). If the subject is a minor (under 18 years old) the signature o f parent or 

guardian must be obtained: -

Name of consenter, parent or guardian:

Signature:
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Relation to participant:

Where the participant is capable o f  comprehending the nature, significance and scope o f 

the consent required, but is physically unable to sign written consent, signatures o f two 

witnesses present when consent was given by the participant to the study co-ordinator.

Name o f First witness:

Signature:

Name of second witness:

Signature:

Statement of investigator's responsibility: I have explained the nature, purpose, 

procedure, benefits and risk of this research study. I have offered to answer any 

questions and fully answered such questions. I believe that the participant understands 

my explanation and has freely given informed consent.

Pharmacist's Signature:

Date:

(Keep the original o f this form in the participant's medical record, give one copy to the 

participant and keep one copy in the investigator's records.)
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Data Collection Form.

Hospital No. Weight ( Kg )

Initials Height ( cm )

Gender ( M / F ) Reason for anticoagulation

Age (DOB)

Marital Status. (M / S)

Dose of warfarin for the last no. of visits in a six month period, (mg)

1 2 3 4 5 6 7

Date:

Dose:

INR for the last no. of visits in a six month period.

1 2 3 4 5 6 7

Date:

INR:

Time of Dailv Dosing

Relative to Blood Collection ( hours )

Duration of Therapy (months)

Target INR
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Any Adverse events and action taken.

Haematuria:

Nose Bleeds:

Skin necrosis:

Others:

Liver Function Test.

Date: Date:

Albumin ( 35 - 50 g /L )

Total Bilirubin ( < 17 fj.mol/L)

Liver enzymes:

Alkaline Phosphatase (40-120 lU/L)

AST (7-40 lU/L)

GGT (Male 10-55 lU/L)

(Female 5-40 lU/L)

LDH (230-450 lU/L)

Concurrent Prescribed medication.

Date:
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Concurrent PT C  medication, (including vitamins and herbal products)

Smoking Status, (number o f cigarettes per day)

Alcohol consumption.

(approximate number o f units per week).

Diet (general description)

Tea/Coffee (no. o f Cups/Mugs per day)
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Appendix II

Blood form for the additional Liver function test to be 

conducted for study participants.
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Hospital

THE ADELAIDE AND MEATH HOSPITAL DUBLIN, 
INCORPORATING
THE NATIONAL CHILDREN'S HOSPITAL

Hospita l No.

Surname

First Name - 1 ■
r

Address -

< ■

-

D .O .B . Sex

Hazard Code AFFIX
H AZARD

LABEL

W ard

Date Taken Tim e Taken

Requesting Signature ( Legible )

Bleep

C onsultant LMP ( state If pregnant, menopausal, e tc . )

C lin ica l Details

Relevant Drugs ( eg. thyrox ine , TD M  
drugs- give tim e  o f last dose)

Test(s) Requested

NNSAC

Test: LFTs

CLINICAL CHEMISTRY
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Appendix III 

NNTCD Configuration Files
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Table A3.1 Details contained in the conflguration file used to initially determine

the optimum number of hidden nodes

Allptsnor+.//Data File
4 //Number o f  hidden units
656 //Number o f  data samples
16 //Number o f  input attributes
1 //Number o f  outputs
0..09 //Learning rate
3 //Number o f  trials
//Training Data 1 (starting with number o f  ranges) 
1
1 1 450 
//Test Data 1 
1
451 656
//Training Data 2 (starting with num ber o f  ranges)
2
1 1 244
1 451 656 
//Test Data 2 
1
245 450
//Training Data 3 (starting with number o f  ranges)
2
1 1 350 
1 557 656 
//Test Data 2 
1
351 556
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Table A3.2 Details contained in the configuration file used during the k fold cross

validation procedure

Allptsnor+.dat //Data file
1 //Number o f  hidden units
656 //Number o f  data samples
23 //Number o f  input attributes
1 //Number o f  outputs
0.09 //Learning rate
10 //Num ber o f  trials
//Training Data 1 (starting with num ber o f  ranges) 
1
1 101 656 
//Test Data 1 
1
1 100
//Training Data 2 (starting with number o f  ranges)
2
1 1 50
1 151 656 
//Test Data 2 
1
51 150
//Training Data 3 (starting with number o f ranges)
2
1 1 100
1 201 656 
//Test Data 3 
1
101 200
//Training Data 4 (starting with number o f ranges)
2
1 1 150
1 251 656 
//Test Data 4 
1
151 250
//Training Data 5 (starting with number o f  ranges)
2
1 1 200
1 301 656 
//Test Data 5 
1
201 300
//Training Data 6 (starting with number o f  ranges)
2
1 1 250
1 351 656 
//Test Data 6 
1
251 350
//Training Data 7 (starting with number o f  ranges)
2
1 1 300 
1 401 656 
//Test Data 7 
1
301 400
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//Training Data 8 (starting with num ber o f  ranges)
2
1 1 350
1 451 656 
//Test Data 8 
1
351 450
//Training Data 9 (starting with number o f  ranges)
2
1 1 400
1 501 656 
//Test Data 9 
1
401 500
//Training Data 10 (starting with num ber o f  ranges)
2
1 1 450 
1 551 656 
//Test Data 10 
1
451 550
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Table A3.3 Details contained in the configuration file used to during the 

ensembeling procedure.

Allptsnor+.dat //Data file
1 //Num ber o f  hidden units
656 //Num ber o f  data samples
23 //Num ber o f  input attributes
1 //Num ber o f  outputs
0.09 //Learning rate
5 //Num ber o f  trials
//Training Data 1 (starting with num ber o f  ranges) 
1
1 51 555 
//Test Data 1 
1
565 656
//Training Data 2 (starting with num ber o f  ranges)
2
1 1 50
1 101 555 
//Test Data 2 
1
556 656
//Training Data 3 (starting with number o f  ranges)
2
1 1 100
1 151 555 
//Test Data 3 
1
556 656
//Training Data 4 (starting with number o f  ranges)
2
1 1 150
1 201 555 
//Test Data 4 
1
556 656
//Training Data 5 (starting with number o f  ranges)
2
1 1 200 
1 251 555 
//Test Data 5 
1
556 656
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Table A3.4 Details contained in the configuration file used during the k fold cross 

validation procedure (Chapter 5)

p h ln2 .da t //Data file
1 //Num ber o f  hidden units
1393 //Num ber o f data samples
23 //Num ber o f  input attributes
1 //Num ber o f  outputs
0.09 //Learning rate
5 //Num ber o f  trials
//Training Data 1 (starting with number o f ranges) 
1
1 101 1000 
//Test Data 1 
1
1001 1393
//Training Data 2 (starting with num ber o f  ranges) 
2
1 1 100 
1 201 1000 
//Test Data 2 
1
1001 1393
//Training Data 3 (starting with number o f ranges) 
2
1 1 200
1 301 1000 
//Test Data 3 
1
1001 1393
//Training Data 4 (starting with number o f  ranges)
2
1 1 300
1 401 1000 
//Test Data 4 
1
1001 1393
//Training Data 5 (starting with number o f ranges)
2
1 1 400 
1 501 1000 
//Test Data 5 
1
1001 1393
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Table A3.5 Details contained in the conflguration file used during the k fold cross 

validation procedure (Chapter 5)

ph ln2 .dat //D atafile
1 //Number o f  hidden units
1393 //Number o f  data samples
23 //Number o f  input attributes
1 //Number o f  outputs
0,09 //Learning rate
5 //Number o f  trials
//Training Data 1 (starting with number o f  ranges) 
1
1 101 656 
//Test Data 1 
1
657 1393
//Training Data 2 (starting with number o f ranges)
2
1 1 100
1 201 656 
//Test Data 2 
1
657 1393
//Training Data 3 (starting with number o f  ranges)
2
1 1 200
1 301 656 
//Test Data 3 
1
657 1393
//Training Data 4 (starting with number o f  ranges)
2
1 1 300
1 401 656 
//Test Data 4 
1
657 1393
//Training Data 5 (starting with number o f  ranges)
2
1 1 400 
1 501 656 
//Test Data 5 
1
657 1393
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Appendix IV

An Evaluation of Pharmaceutical Services within Irish
Hospitals
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Ref. No.

An Evaluation of Pharmaceutical Services 
within Irish Hospitals

Please place a tick ( / )  in all of the relevant boxes below.

1. Please state your name and your hospital's address here.

2. Which o f the following best describes your hospital?

Type of M anaeem ent:
Health Board □

Voluntary □
Private □

Other (please specify) □

Class of H ospital:
Regional □
General □
Teaching □
District □
Other (please specify)

3. From the list below, please indicate the Principal Medical Speciality o f the 
Hospital.

General □  Geriatric □
Psychiatric □  Children's □
Orthopaedics □  Mentally □
Maternity □  Handicapped

Other.
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4. Approximately how many beds are in the hospital?

<100 □
1 0 0 -2 0 0 □
200 - 300 □
300 - 500 □
5 0 0 -  1000 □
>1000 □

5. How many staff are currently working in the Pharmacy?

Number Full - Time Part - Time Job - shared

Pharmacists

Pre-registration
Pharmacist
Qualified Assistants

Technicians

Others e.g. 
Porters

Cleaners

Secretarial

Accounts

6. Please indicate by grade the number o f pharmacists working in the hospital.

Grade No. o f Pharmacists

Chief I

Chief II

Senior

Basic
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7. Please state how many hours the pharmacy Department is open each day.
(Please indicate half day / full day.)

Monday Friday

Tuesday Saturday

Wednesday Sunday

Thursday

Does your Pharmacy Department provide any pharmaceutical services out-side its 
normal opening hours?

Yes □
No □

If Yes, how are these services supphed?

On-call service □
Residency service □

8. Please indicate the number o f hours worked by Pharmacist(s),

Hours No. o f Pharmacists

> 4 0

3 0 - 4 0

2 0 - 3 0

< 2 0

9. Are there any unfilled pharmacist posts in the hospital?

Yes □
No □  (Please go to Question 10.)

If Yes, please specify if  these unfilled posts are due to new appointments or due to 
personnel vacating their position.

Number o f new appointm ents...

Number o f vacated positions...
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Please also specify the grade(s) of unfilled pharmacist post(s).

Grade No. o f Posts

Chief I

C hief II

Senior

Basic

10. Please indicate the number o f hours worked by Technician(s).

Hours No. o f Technicians

> 4 0

3 0 - 4 0

2 0 - 3 0

< 2 0

11. Are there any unfllled technician posts in the hospital?

Yes □
No □  (Please go to Question 12.)

If Yes, please specify if  these unfilled posts are due to new appointments or due to 
personnel vacating their position.

Number o f  new appointments...

Number o f  vacated positions...

Please also specify the grade(s) of unfilled technician post(s).

Grade No. o f Posts

Senior

Basic

Student Technician
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12. In the case o f Part-time staff, please indicate the relevant numbers o f  staff with any 
other occupation?

Not applicable □  (Please go to Question 13.)

Other
employment

Pharmacists Qualified
Assistants

Technicians

Pharmaceutical, 
part -  time
Non
pharmaceutical, 
part -  time

If Pharmaceutical, please state the branch o f profession for each category? 

Pharmacists:

Number
Hospital
Community
Industry

Qualified Assistants:

Number
Hospital
Community
Industry

Pharmaceutical Technicians:

Number
Hospital
Community
Industry
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13. Does your pharmacy department provide a discharge prescription / out - patient 
clinic prescription service?

Discharge prescription Out -  patient clinic 
prescription

Yes

No

If such a service is provided, please describe it briefly below...

14. Does your pharmacy department provide a clinical pharmacy service?

Yes □
No □

If Yes, please specify the number of Pharmacists involved.

Is this service provided to all wards / department?

Yes. □
No. □

How frequently does a pharmacist attend wards?

Daily □
Twice weekly □
Three times weekly □
Weekly □
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15. Does your pharmacy department provide a stock top up service?

Yes □
No □

If Yes, please specify by whom this service is provided?

Pharmacist □
Qualified Assistant □
Pharmaceutical Technician □

Is this service provided to all wards / departments?

Yes □
No □

How frequently is this service provided?

Daily □
Twice weekly □
Three times weekly □  
Weekly □

How do wards order non-stock drug items?

Order telephoned to the pharmacy □
Patient’s kardex / prescription □
sent to the pharmacy 

Duplicate orders book sent □
to the pharmacy

Computer link to the Pharmacy □
Department.

Other (please specify)______________

Who orders non-stock drug items for wards?

Pharmacist □
Qualified Assistant □
Pharmaceutical Technician □  
Ward Sister □
Ward Nurse □
Other (please specify)_________
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16. Does your pharmacy department provide a dedicated Drug Information service? 

Yes □
No □  (Please go to Question 17.)

If Yes, please specify the grade of staff involved.

17. Does your pharmacy department provide a patient counselling service for specific 
medicines / conditions?

Yes □
No □  (please go to Question 18.)

If Yes, please state the conditions / medicines.
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18. Does your pharmacy department provide an aseptic dispensing service?

Yes □
No □

If No, please specify how this service is provided to your hospital.
(Please tick more than one where appropriate.)

Please specify products / services provided 
e.g. CIV A, PCA, Epidurals etc.

by medical staff Q

by suitably qualified 
nursing staff

from commercial Q
independent
companies

from licensed hospital Q
facilities

If Yes, does your department have a manufacturing licence for its aseptic 
preparation service?

Yes □
No □

Please specify which o f the following Aseptic services are provided by your 
pharmacy department.

Total Parentaral Nutrition □ Epidurals □
Central Intravenous Additives □ Ophthalmic preparations □
Cytotoxics □ Generalised batch production 

o f  various products
□

Patient control analgesia □ Other
(please specify)
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19. Is there pharmacist involvement in out - patient clinics?

Yes □
No □

If NO to 19, please return the questionnaire in the envelope provided.

20. Please indicate which o f the following out - patient clinics have pharmacist 
involvement?

Anticoagulation □ Arthritis □
Asthma □ Diabetes □
Cardiac □ HIV □
Rehabilitation Oncology / □
Epilepsy □ Haematology
Pre-admission clinics □ Other (please specify)

If a pharmacist is involved in Anticoagulant clinics please complete the following 
questions.

21. Is the pharmacist involved in dose titration / dose alteration on a regular basis?

Yes □
No □

Is the pharmacist involved in patient counselling?

Yes □
No □
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Is a computer package used in the anticoagulant clinic?

Yes □
No □

If yes, please specify briefly its role.

Please specify what is the maximum review period for a patient stabilised on 
warfarin in your clinic?

Please indicate by which method blood samples are taken?

Venous prothrombin time test □
Capillary prothrombin time test □
Both □
Other (please specify)_____________________

I would like to thank you for your time and effort in completing this questionnaire. Please 
return the questionnaire using the pre-paid envelope provided by 30th August 1998.

All information will be treated in confidence and the results will be published in a 
pharmacy-based journal.

Stephen Byrne M.P.S.I.
Research Pharmacist,
School o f  Pharmacy,
Trinity College Dublin,
Tel 01-6082788,
Email: ‘bym ets@ tcd.ie’
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Appendix V

An Overview of Pharmaceutical Manpower and Services in 

Hospitals situated in the Republic of Ireland during 1998.

Byme S, and Corrigan O.I., An Overview o f pharmaceutical manpower and services in 

hospitals situated in the Republic o f Ireland during 1998. IPJ 1999; 77; 220-25
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Title

An Overview of Pharmaceutical Manpower and Services in Hospitals situated in the 

Republic of Ireland during 1998.

By Stephen Byrne and Owen I. Corrigan, Department of Pharmaceutics, School of 

Pharmacy, Trinity College, Dublin 2.

Introduction

One o f the most important and noticeable changes in hospital pharmacy practice 
throughout Ireland in recent years has been the development of patient-orientated or 
clinical services where the pharmacist is involved at ward level.' Delaney in 1988 
conducted a survey of eight Irish hospital pharmacy departments and concluded that “the 
dearth o f services in Ireland can be directly related to a lack of s t a f f a n d  “that European 
hospital pharmacies are open for significantly longer, provide many more pharmaceutical 
services, and have much larger staff.” .

One of the key objectives for pharmacists is to ensure that patients’ treatment is right first 
time. Increasingly, “pharmacists have to take responsibility for drug treatment in their 
hospitals, and that means getting out to where the patients are and being there when the 
prescribing is done”.̂

“As well as the usual prescription-checking, there may be patient interviews to clarify drug 
histories, counselling on treatment and liaison with practitioners in primary care before 
discharge.”  ̂ An increasing range of pharmaceutical services within hospital pharmacy has 
evolved in the last few years, with some pharmacists choosing to specialise in certain 
aspects of the profession.

The objectives o f this study were to determine the current manpower situation in Irish 
hospital pharmacy departments and to establish the growth o f pharmaceutical services 
provided throughout Ireland.

Method 

Pilot Study -
A pilot study was conducted using four Dublin hospitals so as to accelerate the rate of 
return. Follow-up phone calls were made to these hospitals, and changes were 
implemented on the basis of the comments received, before the final draft was issued.

Sample identification -
Questionnaires were posted to all Irish hospitals (n=l 19) using mailing lists obtained from 
the Hospital Pharmacists’ Association of Ireland, the Department o f Health and the VHI. 
These contained a cover letter and a freepost self-addressed envelope. A follow-up phone 
call was made to those who had not returned their questionnaires after two weeks had 
elapsed. After a further two weeks, questionnaires were re-issued to pharmacists who 
failed to return previous copies.
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Questionnaires were analysed using SPSS version 8.0 and two part-time staff were taken to 
be equivalent to one Whole Time-Equivalent (WTE) post for analysis purposes.

Results and Discussion

Ninety completed questionnaires were returned (75.6%). Eleven respondents (3 District 
and 8 Private hospitals) did not employ a pharmacist and were therefore excluded from 
further analysis. The 79 (66.4%) remaining hospitals employed at least one pharmacist, 
either on a full-time or a part-time basis. The 79 hospitals providing professional 
pharmaceutical services accounted for a total of 13,427 inpatient beds. This represented 
85.0% of the acute medical beds available, using the latest Dept, of Health statistics.'* A 
breakdown of hospitals that employed a pharmacist as per management type and 
geographical health board region is shown in Table 1.

There were 151 WTE pharmacists employed by the 79 hospitals that were used for analysis 
purposes. This represents 5,7% of the total number o f pharmacists on the current Register 
of Pharmaceutical Chemists.^ Fisher in 1987, documented that there were 112 WTE 
pharmacists employed in the hospital sector and this represented 6.9% of the total number 
of pharmacists registered with the Pharmaceutical Society o f Ireland.*’ This represents a 
34.8% increase in the number of hospital pharmacists.

The ratio o f inpatient beds available to pharmacists employed was calculated to be 88.9 
(Table 2). This was considerably higher than the ratio in Northern Ireland of 53.3. In 
addition, 89.5 WTE pharmaceutical technicians were employed by the 79 hospitals and the 
ratio of WTE pharmaceutical technicians to pharmacists employed was 0.59 (Table 3). 
Fishers survey predated the introduction of the pharmaceutical technicians’ course.^

The ratio of inpatient beds/pharmacist in Voluntary Hospitals (59.8) was calculated to be 
dramatically smaller than that in Health Board managed hospitals (118.1). It is note worthy 
that there is a significantly higher proportion of Teaching Hospitals in the Voluntary sector 
and as a group, the Teaching Hospitals have a much lower ratio o f inpatient 
beds/pharmacist (69.9) than other classes of hospitals. The means by which such hospitals 
are funded may also partially contribute to this difference.

Details of the hospitals that provided an out of hours on-call service, a clinical pharmacy 
service and a patient counselling service are summarised in Figure 1. Nine (11.4%), i.e. 4 
Teaching, 3 General and 2 Psychiatric hospitals, provided all four o f these services. 
Twenty-six (32.9%) hospitals indicated that they did not provide any of these 
pharmaceutical services. The number of WTE pharmacists employed by hospitals 
providing all four services ranged from 1 to 17 (mean; 6.1), with a mean ratio of inpatient 
beds/pharmacist o f 59.8 (S.D. ± 23.2).

Two (2.5%) hospitals provided residency service and 14 (17.7%) hospitals provided a 
clinical pharmacy service to all wards within their hospitals. A breakdown of the hospitals 
providing a clinical pharmacy service by management type is shown in Figure 2.

Twenty-three (10 Teaching, 10 General, 2 Psychiatric and 1 District) hospitals surveyed 
stated that their pharmacists attended wards on a daily basis, compared to 5 hospitals 
whose pharmacists attended wards on a weekly basis (Figure 3). In those hospitals 
nationally where pharmacists attended wards on a daily basis, the mean ratio of inpatient
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beds/pharmacist was calculated to be 88.8. (S.D. ± 48.61). Two thirds o f these 
departments employed at least 1 WTE pharmaceutical technician. However, there did not 
seem to be a significant variation between the ratio o f  pharmacist/pharm tech in hospitals 
that provided this service (1.46), compared to hospitals that did not provide such a service 
(1.55).

A ward stock-up service was provided by half o f the hospitals. Pharmaceutical technicians 
were solely responsible for providing this service in 19 (24.1%) o f the hospitals and in 20 
(25.3%) o f hospitals a pharmacist was responsible for the provision o f such a service, 
although 6 o f the latter group o f hospitals employ at least 1 W TE pharmaceutical 
technician.

Cotter et al (1994) found that 96% o f U.K. hospitals were providing an inpatient drug 
therapy monitoring service as part o f their clinical pharmacy service.^ Clinical pharmacy 
services were provided by 35.4%> of Irish hospitals. Thus 64.6% o f surveyed hospitals 
were not providing any clinical pharmacy services. Approximately 100 WTE additional 
pharmacists posts would be required to bring the inpatient bed ratio in line with the U.K., 
thus enabling the provision o f  clinical pharmacy services in all o f  the hospitals surveyed. 
One must not forget that there are also patients in the 25% o f hospitals that did not return 
questionnaires together with the 11% o f hospitals that did not employ a pharmacist. 
Therefore to enable the provision o f clinical pharmacy services, the number o f additional 
WTE pharmacists is in excess o f 100.

Five hospitals (6.3%) indicated that a pharmacist was involved in one or more outpatient 
clinics. These clinics were:

• Anticoagulant • Cardiac Rehabilitation
• Asthma • HIV

Oncology/Haematology

During 1996, 1,928,737 patients attended outpatient departments throughout Ireland.'' It 
has been shown that the positioning o f a pharmacist at the primary-secondary care interface 
leads to better prescribing patterns and potentially less adverse drug reactions as illustrated 
in several recently published a r t i c l e s . A s  indicated in this survey, only five 
hospitals have a pharmacist involved in one or more outpatient clinics. A pharmacist could 
undertake a number o f roles in such a setting, e.g. educational and counselling to mention 
just a few. The allocation o f a pharmacist to such clinics would be beneficial to any 
hospital and to the patients attending an outpatient clinic.

O f the pharmacy departments surveyed, 29.1% indicated that a pharmacist was involved in 
counselling patients with respect to their medicines (Table 4). Seven departments specified 
inhaler technique to be the most common area in which patients were counselled. One 
Teaching Hospital indicated that a pharmacist was involved in its anticoagulant clinic. 
This pharmacist was also involved in dose titration/alteration and patient counselling 
(Table 4). Many o f the patient counselling activities were related to the specialities o f the 
individual hospital.

Given the evidence that hospital pharmacists contribute to improved cost related health 
11 12 *care, ’ it is imperative that all hospital patients receive this vital service.
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Summary
> O f the surveyed hospitals 66.4% employed at least one WTE pharmacist either on a 

full-time or part-time basis.
>  The 79 hospitals employed 151 WTE pharmacists.
>  The ratio o f hospital beds/pharmacist in Irish hospitals was 88.9 compared to 53.3 in 

Northern Ireland. However, in those Irish hospitals providing clinical services the ratio 
was 59.8, which is much closer to the Northern Ireland ratio. Therefore, a strong link 
appears to exist between staffing levels and level o f service provided.

>  Clinical pharmacy services were provided by 35.4% o f hospital pharmacy departments 
and in 29.1% o f hospitals a pharmacist attended wards on a daily basis.

>  Only 6.3% o f hospitals have a pharmacist involved in outpatient clinics.
>  Patient counselling services were provided by 29.1 % o f pharmacy departments.
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Table 1: The classification of hospitals that employed at least one pharmacist, by
management type.

Health Board Health Board Voluntary Private
Region Hospitals Hospitals Hospitals
Eastern 10 15 4
Midland 3
Mid Western 4 1
North Eastern 6
North Western 3
South Eastern 5
Southern 17 2 1
Western 6 1 1
Total 54 19 6
Percentage 68.35% 24.05% 7.6%o

(n=79)

Table 2: The ratio of inpatient beds to WTE pharmacists employed by Health
Board region.

Type of
Hospital
Management

Health Board Region

EHB MHB MWHB NEHB NWHB SEHB SHB WHB

Health Board
Ratio o f beds 
available to 
WTE
pharmacists.

100.6 66.9 159.4 173.7 66.8 173.1 123.6 129.5

Voluntary

Ratio o f  beds 
available to 
WTE
pharmacists.

53.0 94 161.6 201

Private

Ratio o f  beds 
available to 
WTE
pharmacists.

58.0 65.33 60

Total ratio o f inpatient beds available to WTE pharmacists employed = 88.9

EHB = Eastern Health Board, MHB = Midland Health Board, MW HB = Mid-Western 
Health Board, NEHB = North-Eastern Health Board, NWHB = North-W estern Health 
Board, SEHB = South-Eastern Health Board, SHB = Southern Health Board and WHB = 
Western Health Board.
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Table 3: The number o f WTE pharmacists and pharmaceutical technicians
working in hospitals surveyed in 1998.

Type o f Hospital 
Management

Health Board Region

EHB MHB MWHB NEHB NEHB SEHB SHE WHB

Health Board
Total full-time 
Phannacists 
Pharm Tech

10
4

6
4

3
1

5
6

9
7

6
7

8
4

13
11

Total part-time 
Pharmacists 
Pharm Tech

3
0.5

0.5
0.5

1 1 7.5

Total job-sharing 
Pharmacists 
Pharm Tech

1 1

Voluntary
Total full-time 
Pharmacists 
Pharm Tech

59
38

1
I

2
1

1
1

Total part-time 
Pharmacists 
Pharm Tech

2
0.5

0.5

Total job-sharing 
Pharmacists 
Pharm Tech

2

Private
Total full-time 
Pharmacists 
Pharm Tech

6
I

1
1

Tot
al part- 
time
Pharmacis
ts

Pharm Tech

0.5
0.5 0.5

Total job-sharing 
Pharmacists 
Pharm Tech

1

Pharm Tech = Pharmaceutical Technicians.
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Figure 3: Frequency o f attendance by pharmacists in hospital wards.

Table 4: The conditions/medicines for which pharmacy departments provided a
patient drug counselling service.

Condition/M edicines Number of pharmacy depts.
Inhaler Technique 7
Cardiac Rehabilitation 4
Psychiatric medicines 3
HIV patients 2
Clinical Trials / Medicines requiring 
special administration

2

Out-patient prescribed medicines 2
Warfarin 1
IVF treatment 1
Eye drops 1
Drugs under the High Tech Scheme I
Diabetic Care 1
Children with Leukaemia 1

D a i l y  T h r e e  t i m e s  W e e k l y  E v e r y  f e w
w e e k l y  m o n t h s

F r e q u e n c y
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Appendix VI 

A Survey of GP operated Anticoagulant Clinics
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Ref. No.

A Survey of GP operated Anticoagulant Clinics

Please place a tick ( /  ) in all of the relevant boxes below.

1. a.) Does your practice operate an age/sex register?

Yes □
No □

b.) Does your practice operate an electronic record keeping database?

Yes □
No □

2. Approximately how many patients are on your practice list?

3. Approximately how many patients received a script for warfarin or any other oral 
anticoagulant (e.g. nicoumalone and phenindione.) from you in the past week?

a.) GMS patients..............................

b.) Private patients...........................
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4 . Does your practice provide a patient counselling / inform ation service for 
pa tien t’s receiving anticoagulant therapy?

Y es □
No □  (Please go to 5)

IF YES!
How is this inform ation conveyed?

Verbal
V ia patient orientated booklets 
V ia audio visual tapes 
O ther (please specify)________

W ho conveys this inform ation?

5. H ow  is your patien t’s anticoagulant therapy m anaged?

By a doctor in your practice □  (Please go to 6)
By a nurse in your practice □  (Please go to 6)

By a doctor in another practice □  (Please specify the practice and go to 6)

By a nurse in another practice Q  (Please specify the practice and go to 6)
By a doctor in a hospital □  (Please specify the hospital, outpatient
clinic you are now finished.)
O ther (please specify)__________

Thank you for your tim e and effort in com pleting this questionnaire. 
Y ou are now  finished?

6. W ho takes the patien t’s blood sam ple in your practice?

A doctor □
A trained nurse □
A trained m em ber o f  staff □
O ther (please specify)_________________

□
□
□
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7. Do you have equipment in your practice, to measure a patient’s Prothrombin 
Time (PT) / International normalised Ratio (INR)?

Yes □
No □

IF YES!
a.) What is the machine called?

CoaguChek® □
STart4® □
ACLIOO® □
Other (please specify)____________

b.) How often are control blood samples sent to a central laboratory, so that the 
accuracy o f  your machine can be verified?

c.) How often are internal control samples used to test the accuracy o f your 
machine?

d.) Please indicate the t}/pe o f blood sample the equipment can 
handle/requires?

Venous blood samples □
Capillary blood samples □
Both □

IF NO!
e.) How are samples analysed?

f ) Please state the turn around time i.e. the length o f time between samples
being taken and a patient’s warfarin dose being confirmed with the patient.

317



Appendix 6

Who alters a patient’s warfarin dose?

A doctor □
A trained nurse □
A trained member o f staff □
Other (please specify.)_____

Do you use a computer package to aid you in your management o f anticoagulant 
therapy?

Yes □
No □  (Please go to 10.)

IF YES!
Please indicate if  you are using one o f the following computer software packages.

Hillingdon System AC® □
Charles Anticoagulant Clinic Manager® □
Coventry program® □
Warfcalc® □
Eider® □
Dawn Clinical Software® □
BAP-PC®
Other (please specify.)

□

If you are using a computer, please indicate if  it is used it for any o f the following 
functions.

As a database system (e.g. demographics, □
indication and target ESTR, duration o f therapy, 
adverse events, storing dosage information.)
As a dosage adjustment decision support system □
Recording appointments □
For clinical audit purposes □
Other (please specify.)____________
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10. What guideline / indications do you use to alter a patients dose?

British Society for Haematology ‘Guidelines on oral 
anticoagulation: second edition’ □
Ansell J.E., et al ‘Consensus guidelines for co-ordinated 
outpatient oral anticoagulation therapy m anagem ent’ □
Other (please specify.)___________

11. Please specify what is the maximum review period for a stable patient on warfarin
under your care?

2 weeks □ 10 weeks □
4 weeks □ 12 weeks □
6 weeks □ >12 weeks □  (please specify.)
8 weeks □

I would like to thank you for your time and effort in completing this questionnaire. Please 
return the questionnaire using the pre-paid envelope provided by 28**̂  July 2000.

All individual information will be treated in confidence and the results may be published in 
a medical based journal.

Stephen Byrne M.P.S.I. 
Research Pharmacist, 
Department o f Pharmaceutics, 
School o f  Pharmacy,
Trinity College Dublin,
Dublin 2,
Tel 01-6082788/6082350, 
Email: ‘bym ets@ tcd.ie’

Pharmacy and Cardiology Depts., 
Adelaide and Meath Hospitals, 
incorporating the National 
Children's Hospital,
Tallaght,
Dubhn 24
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Appendix VII

The problem of bias in training data in regression problems in

medical decision support

Mac Namee* B., Cunningham* P., Byme** S. and Corrigan** O.I., The problem o f bias 

in training data in regression problems in medical decision support. Artificial Intelligence 

in Medicine 2002: 24; 51-70
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Abstract

This paper describes a bias problem encountered in a machine learning 

approach to outcome prediction in anti-coagulant drug therapy. The outcome to 

be predicted is a measure o f the clotting time for the patient; this measure is 

continuous and so the prediction task is a regression problem. Artificial Neural 

Networks (ANN) are a powerful mechanism for learning to predict such 

outcomes from training data. However experiments have shown that an ANN is 

biased towards values more commonly occurring in the training data and is thus 

less likely to be correct in predicting extreme values. This issue o f bias in 

training data in regression problems is similar to the associated problem with 

minority classes in classification. However this bias issue in classification is 

well documented and is an on-going area o f research. In this paper we consider 

stratified sampling and boosting as solutions to this bias problem and evaluate 

them on this outcome prediction problem and on two other data sets. Both 

approaches produce some improvements with boosting showing the most 

promise.

Keywords: Artificial Neural Networks, Medical Decision Support, Regression.
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Introduction

This paper describes a bias problem in research on using Artificial Neural Networks 

(ANNs) in decision support in anti-coagulant drug therapy [4]. A central objective o f such 

research is to predict a patient’s International Normalised Ratio (ESfR) reading given a 

particular dose o f the anti-coagulant drug warfarin. The ESTR reading is an international 

standardised method o f  reporting a patient’s prothrombin time (the time it takes for the 

patient’s blood to clot). ANN models have been developed to perform this regression task 

with very good results -  the prediction o f the ANN is on average 30% more accurate than 

that o f practising physicians [4]. It is clear from a detailed analysis o f the results from the 

ANN model that its accuracy is not uniform over the range o f  possible INR values. This 

can be seen in Figure 1 where, high in the INR range, average errors are negative while 

errors low in the range are positive. This bias toward predicting commonly occurring 

outcomes arises from the dominance o f these outcomes in the available data; the 

distribution o f  the which is shown in Figure 2. This data was collected in a study 

undertaken in the Adelaide and Meath Hospitals in Dublin [4] and the histogram can 

considered representative o f the prior distribution o f the outcome. It is o f considerable 

clinical importance to be able to predict outcomes in the tails o f  this distribution; accurate 

predictions for high INR values are o f particular relevance.

This bias is a fundamental characteristic o f the ANN models; however there has been very 

little research on this issue in a regression context. There is, though, a considerable body o f 

research on non-uniform distributions in classification problem s'. This is also referred to as 

the minority class problem and a brief review o f research on this can be found in [11]. 

Decision trees and nearest neighbour classifiers will perform badly predicting outcomes o f 

the minority class if  the majority class is dominant in the training data.

The first solution considered here to the problem o f bias in regression data is one that is 

dominant in the classification literature. It is commonly termed stratified sampling and 

involves differentially sampling the training data so as to balance (flatten) the distribution 

shown in Figure 2. This can be achieved by replicating the training data from the tails o f 

the distribution or by discarding some o f the data from the centre. Clearly the risk with this 

is that performance on tails may be improved at the expense o f the commonly occurring

' In a classification problem the outcome to be predicted is a class or category whereas in regression the 

outcome is numeric.
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cases. This brings us to an issue discussed in detail in [14] and [15], The “best” classifier 

for a given problem cannot be determined without considering the costs o f different 

misclassification possibilities [13], Which is worse, a missed positive diagnosis or a false 

positive diagnosis? If, for instance, false negatives are determined to be three times as 

serious as false positives then a “best” classifier that minimises the total cost o f errors can 

be pursued. Provost et al. [15] acknowledge that in practical situations quantifying these 

costs is impractical or impossible. Instead they advocate looking for classifiers that 

dominate according to the ROC criteria they present (ROC stands for Receiver Operating 

Characteristic, see section 2 for details).

The problem in regression is essentially the same, it may be more important to predict 

accurately the rare events in the tails o f the distribution than the commonly occurring 

outcomes. However, it is difficult to quantify this difference in importance. Because o f 

this, the evaluation criteria used here are similar in spirit to that proposed by Provost et al. 

[15]. One model dominates another if  it improves performance in the tails o f the 

distribution without damaging performance in the middle (see Figure 7). We are 

‘indifferent’ to models that improve performance on the tails while damaging performance 

in the middle o f the distribution (see Figure 6). Clear dominance must be shown.

In the next section the problem o f bias in training data is explored in detail. The emphasis 

is on classification rather than regression because most o f the relevant research has 

addressed classification where the problem is more clearly visible. In section 3 the 

techniques we propose for tackling the problem are described. An evaluation o f these 

techniques on the warfarin dataset and two other datasets is presented in section 4. The 

paper concludes in section 5 with an assessment o f the applicability o f the techniques.

Bias in Training Data

2.1. The Minority Class Problem

The minority class problem is an issue in domains where one class accounts for a 

significant majority o f observations. [2] [11][18][15][14][6]. It is a common problem in 

medical domains, for example the in-vitro fertilisation problem reported in [7] where 

unsuccessful outcomes dominate successful ones by a factor o f  3:1. In medical diagnosis 

problems positive examples may account for less, sometimes much less, than 5% o f the
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available cases. Non-uniform class distributions also occur in fraud detection tasks and in 

natural language processing [5].

These non-uniform class distributions present two immediate problems:

1. It is difficult to assess the quality of the classifier. Using simple accuracy is not 

adequate; consider a scenario where positive examples count for 5% of the data. A

classifier that outputs the negative class 100% will be 95% accurate but 0%

accurate on positive examples that may be the more important.

2. The classifier may be biased towards predicting the majority class resulting in poor 

accuracy on the minority class. This will happen if the classifier is a decision tree, 

an ANN or a nearest neighbour classifier for example.

Considering the quality assessment issue first, perhaps the most robust measure of the 

performance of a classifier is the area under the ROC curve [17]. The ROC curve is a plot 

of true positives against false positives for a family of classifiers. Many classifiers can be 

tuned to adjust the trade-off between false positives and false negatives. For example, this 

can be done in an ANN by adjusting the threshold in the output neuron. So the different 

values o f this threshold represent a family of classifiers with different numbers of false

positives and false negatives. The ROC curve represents this family of classifiers. In this

view a classifier from this family has two components, the discrimination mechanism and 

the threshold mechanism. The discrimination mechanism is the same for the whole family 

and the specific threshold mechanism defines an individual classifier. Swets [ 17] proposes 

that the area under the ROC curve is a good measure o f the discriminating power and thus 

the performance of a classifier.

This ROC analysis still does not identify a best classifier however. We need to commit on 

the trade-off between false positives and false negatives to identify a specific classifier 

from the family represented by the ROC curve. An alternative approach to performance 

measurement is to borrow the measure of geometric mean of precision and recall as used 

in information retrieval research. In binary classification this would be:

g = -yjacĉ  ̂ X acc_

where acc+ is accuracy on positive examples and acc. is accuracy on negative examples. 

The geometric mean has the advantage that it is non-linear and punishes big disparities 

between positive and negative accuracies [11].
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This second issue o f bias towards the majority class is essentially the same as the problem 

o f bias in regression data that we are concerned with in this paper. Various solutions have 

been proposed such as stratified sampling [3], case-specific feature weights [5] and 

algorithms that are intrinsically insensitive to non-uniform class distributions [11]. For our 

regression problem we consider stratified sampling and boosting which might be viewed as 

an alternative sampling approach where the data distribution is adjusted dynamically to 

focus on samples that are difficult to learn.

Another important issue for consideration in minority class problems is the number o f 

minority samples available. It may be that the prior probability distribution is non-uniform 

but data is abundant and there are several hundreds or thousands o f examples o f the 

minority class available. In this case it may be sufficient to reduce the size o f the set o f 

majority examples to that o f minority examples and proceed as normal. The more difficult 

(and typical) case is where training data is scarce and it is not desirable to discard majority 

class data. In that case the number o f minority class samples available may be small (50 in 

the oil spill detection problem described in [11] and 290 in the IVF problem described by 

Cunningham et al. [7].

2.2. Bias in Regression Problem s

In regression problems the effect o f bias in the training data is similar to that in 

classification. This effect manifests itself as a bias in the network towards output values in 

the ranges for which there were a large number o f training patterns. The net result o f this 

is, when test patterns are presented to the system, prediction errors for those patterns with 

expected results in the well represented region are low while those with expected results 

outside this region are high.

It is worth illustrating this effect in detail using the warfarin data. The warfarin data set is 

made up o f 656 samples each described by 22 features. These features describe a patient 

through attributes including age, sex, target INR value, etc. Associated with each sample 

is the actual resulting INR level. Using these outcome INR levels, a histogram o f the data 

set was constructed. This is shown in Figure 2.

As can be seen in Figure 2, the distribution o f data in the warfarin data set is non-uniform, 

with the majority o f cases having an INR value o f between 1.5 and 3. The effect that this
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has on the prediction accuracy o f a simple ANN trained with this data can be seen in 

Figure 1, which shows the network’s average prediction errors for different ranges o f 

expected INR values. If  the graph in Figure 1 is examined in conjunction with the 

histogram shown in Figure 2 it can be clearly seen that the network performs best when 

presented with test cases with expected INR values in the region o f  highest frequency, 

while the average error for low values is positive and for high values is negative. While 

this graph shows this bias, it flatters the performance o f  the ANN in the centre o f the 

distribution where the mixture o f positive and negative errors cancel each other. A true 

picture o f the magnitude o f the errors can be seen in Figure 5, which shows the average 

absolute error. The importance o f  Figure 1 is that it shows how the predictions o f the ANN 

are pulled  towards the high frequency values.

Possible Solutions

3.1. Stratified Sampling

The objective with stratified sampling is to balance the data set in order to make it more 

uniform. Turney [18] achieves this by building training and test data sets by sampling with 

replacement with the proviso that the data sets contain 50% o f class 0 and 50% of class 1. 

The approach adopted in these experiments is to balance the data sets by dividing the data 

into intervals based on outcome and replicating the data in the minority intervals so that 

each interval has roughly the same number of data samples. Intuitively this has the effect 

o f duplicating the data in the tails o f the histogram in Figure 2 in order to bring them in 

line with the highest values.

3.2. Boosting

Boosting is a technique that attempts to improve the prediction accuracy o f a learning 

system by constructing a committee o f learning systems (normally classifiers). Boosting, 

as presented in [8], proceeds as follows. Let g  : X  ^  F b e  the function which is being 

learned. Now consider a learning procedure (in our case an ANN), which has access to n 

training exam ples,{(x,,7 , ) , . . . , dr awn randomly from X x  7 according to 

distribution D. The error o f the output hypothesis /  : A' ^  7 ,  is the expected value o f a 

loss function on / (x ) ,g (x )  where x  is chosen according to D. Given s ,S  > 0 and access 

to random examples, a strong learning procedure outputs, with probability 1 -  , a 

hypothesis with error at most s ,  and running time polynomial in l/£,l/(5 and the number
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o f examples. A weak learning procedure satisfies the same conditions, with the one 

exception that s  need only be better than random guessing. As long as this “better than 

random guessing” condition is met any weak learning procedure can be efficiently 

transformed (“boosted”) into a strong learning procedure. This is achieved by repeatedly 

using the weak learning procedure each time presenting it with a new distribution 

determined by the performance o f the previous learner. The original boosting algorithm 

was concerned with classification problems, however an alternate version regarding 

regression problems was also presented in [8],

When applied to ANNs boosting involves constructing an ensemble o f ANNs in which 

each network is iteratively trained using a training set determined by the performance o f 

the previous network. Constructing a training set for a particular network involves 

including duplicate copies o f  certain samples and reducing the representation o f others 

based on the performance o f the previous network. Evidently, it is the samples on which 

the network did not perform well that are duplicated. In this paper we refer to this raising 

the weight (representation) o f a sample in the training as boosting. Properly speaking, 

boosting refers to raising the performance o f a weak learner (a single network) to that o f a 

strong learner -  the ensemble o f networks [16]. From this description it is clear that 

boosting is a form o f adaptive sampling and might be expected to perform better than 

stratified sampling precisely because it focuses on the problematic samples. In using it here 

we are expecting that the poorly represented samples in the tails o f the distribution will 

benefit from the boosting.

It should be clear that this tampering with the distribution underlying the training data 

needs to be done with caution. The obvious risk is that noisy data will get boosted and will 

damage the performance o f the ensemble. Indeed this is a well-known problem with 

boosting [16] and arises with the third dataset analysed here.

Since the standard version o f boosting is designed to work for classification, two 

modifications designed to work for regression were employed in this research. The first 

was an implementation o f the ADABoost.R2 algorithm presented in [8]. The second 

technique, the Big Error Margin Technique [9], was based on work presented by 

Avnimilach and Intrator [1]. Each o f these will now be described in some detail.
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3.2.1. ADABoost.R2

ADABoost.R2 [8] is a variation on the ADABoost [10] algorithm specifically designed for 

regression problems. When applied to ANNs ADABoost.R2 proceeds by iteratively 

training networks using training sets determined by the performance o f  the previous 

network.

The key architectural features o f the ADABoost.R2 algorithm are an initial data set and a 

sampling distribution. Each o f the training data elements has a value in the sampling 

distribution and this value represents the probability o f  that element being included in the 

next training set. Initially, each value in the distribution is set to the same value giving each 

element in the initial data set an equal chance o f being included in the first training set. An 

initial training set is populated from this distribution and the first ANN is trained. Each 

member o f the initial data set is then presented in turn to the network and the prediction 

errors are recorded. Using these prediction errors, the distributions for each element o f the 

initial training set are adjusted using the formulae presented in the algorithm in Figure 3. 

Once the distributions have been adjusted a new training set can be populated. This set is 

then used to train the next network, and the steps described above are repeated. New 

networks are iteratively trained until either the average prediction error for a network goes 

above 0.5 or a maximum number o f networks have been trained.

The ADABoost.R2 algorithm has been used to good effect on other problems and has the 

elegant advantage that it requires little parameter setting. However, as will be seen in the 

evaluation section o f this paper, it did not perform satisfactorily in the experiments 

undertaken. An explanation for this is proposed in that section o f the paper.

3.2.2. Big Error Margins Teciinique

The Big Error M argin (BEM) boosting technique is quite similar to the ADABoost.R2 

method. It is introduced in [9] and based on an approach proposed in [1]. Again, boosting 

takes place by iteratively training a number o f  networks in turn. Also similar to the 

ADABoost.R2 method, the training set o f a particular network is determined by the 

performance o f the network preceding it. The real difference between the two techniques 

comes in the manner in which elements are selected for boosting and the amount by which 

each element is boosted.
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In the BEM technique the representation o f the “distribution” o f  a training set is also 

shghtly different from that in the ADABoost.R2 system. In this case, the distribution 

represents how many times an element will be included in a training set rather than the 

probability o f it appearing. Initially, the distribution values for each element in the initial 

training set are set to one. This results in the first training set generated including one copy 

o f every element in the initial training set.

After a network has been trained using a particular training set, each element o f the initial 

data set is presented to the network again, and the resulting prediction errors are noted. It is 

then determined which elements resulted in an accurate prediction by comparing the 

prediction errors generated against a preset value known as the Big Error Margin (BEM). 

If  the prediction error generated for a particular element is greater than the BEM then the 

predicted value for that element is considered to be incorrect. Otherwise, the predicted 

value is considered correct.

The numbers o f correct and incorrect predictions are then recorded. These are then used to 

calculate values known as the UpFactor and the DownFactor according to the following 

formulae:

\initialTrainingSet\
UpFactor ~  ------------------------- -

errCount

DownFactor = ------ -------
UpFactor

Using these values, the number o f copies o f each training element to be included in the 

next training set is calculated. If an element was correctly predicted by the preceding 

network the number o f copies o f  that element present in the next training set is given by 

the number o f copies o f  that element in the current training set times the DownFactor. 

Similarly, if  an element were incorrectly predicted in the previous iteration, the number o f 

copies in the next training set is given by the number o f  copies o f  that element in the 

current training set times the UpFactor.

The algorithm for the Big Error Margin boosting technique is given in Figure 4.

In contrast with the ADABoost.R2 algorithm, the Big Error Margin technique suffers from 

the fact that it requires fine-tuning o f two parameters in order to achieve optimum

329



Appendix 7

performance. These are the value of the BEM itself and the number of networks to include 

in the ensemble.

Evaluation

In this section the experiments undertaken to evaluate the proposed solutions illustrated 

above will be described and results will be presented. Our central objective is to improve 

the performance on the tails of the warfarin data without damaging performance in the 

centre of the distribution. Given that objective, the results on the warfarin data are the most 

important, however the techniques have been evaluated on two other data sets to assess 

their generality. As we were unable to locate other regression datasets in a medical domain, 

we selected the Abalone data set from the UCI repository as one candidate and created an 

artificial data set according to a cardiac risk assessment scenario as another. The 

experiments on these data sets will now be described.

A.I. Warfarin Data

The warfarin data set used in these experiments is as described in the introduction. Our 

evaluation will proceed as follows. Firstly, we will describe a simple ANN predictor that 

shows the bias problem. The results from this experiment will be used as a benchmark for 

the other learning systems considered. Secondly, for reasons which will be described later 

on, we will conduct similar tests on a simple ANN ensemble. Finally, we will show results 

for systems using stratified sampling and the two boosting techniques described in section 

3.

As a means to validate any difference between the absolute average prediction error 

achieved using the simple ANN and that achieved with any o f the other learning systems 

we will present pair wise one tailed f-tests comparing the performance o f the system in 

question against that of the simple ANN.

4.1.1.  S i m p l e  ANN

The first experiment on the warfarin data set was to construct a simple ANN to predict INR 

values. The purpose of this test was two-fold, firstly to verify the results presented by 

Byrne et al. [4], and secondly to establish a benchmark against which to compare the 

stratified sampling and boosting techniques.

The ANN was constructed following the standard multi-layer perceptron (MLP) 

architecture, and suitable values for the learning rate, momentum rate, number of hidden
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units and the number o f epochs for which to train the system were determined using a 

subset o f the training data. Once these were established, the system was trained and its 

generalisation performance tested using 6-fold cross validation. . In this 6-fold cross- 

validation, the data is divided into 6 non-overlapping validation sets. Each o f these 

validation sets are used to test ANNs trained on the remaining data. The results o f these 6 

tests are averaged to provide an estimate o f generalization error. This approach is 

motivated by the scarcity o f data because it allows all the data to be used for training and 

testing. . It is worth noting that estimates o f generalisation error based on cross validation 

are inclined to be underestimates because they are based on models built from a subset o f 

the data actually available. A consequence o f the scarcity o f  data was that the ANN 

parameters were determined using a subset o f the data used in the cross validation process. 

This will mean that the estimation o f generalisation performance will be over optimistic 

but, given the cross-validation, this should not be too significant

By comparing Figure 1 and Figure 2, it is clear that for frequently occurring INR values 

the prediction error is very low, while for lower frequency values the error is higher. 

Moreover, the errors are biased in the direction o f  the mean. Overall the network achieved 

an absolute average prediction error o f 0.72 INR units.

4.1.2. Bagged ANN Ensemble

When using boosting there are two such factors that may contribute to improvements in 

performance; these are the combination o f multiple classifiers and the re-weighting o f 

training examples. In an attempt to assess the relative importance o f these factors an 

evaluation was performed on a bagged ensemble where there is no re-weighting effect. To 

this end, a set o f  experiments were performed using ensembles o f  ANNs trained on the 

warfarin data set. In a 6-fold cross validation a simple ANN ensemble comprising 30 

networks achieved an absolute average prediction error o f  0.70 INR units. A paired one

tailed ?-test supports with 95% confidence that this is indeed an improvement over the 

accuracy achieved using the simple ANN. An analysis o f  a histogram o f errors from the 

bagged ensemble compared with the simple ANN showed that this improvement was 

achieved through slight improvements in all areas o f the training space. Improvements in 

the tails o f  the distribution were small compared with the subsequent improvements found 

with boosting, suggesting that the re-weighting was a significant factor in the success o f 

the boosting technique.
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4.1.3. ANN with Stratified Sampling

The next step o f  the experimental procedure involved repeating this 6-fold cross validation 

on an ANN trained using a data set produced by stratified sampling, as described in section 

3.1. In spite o f the fact that the overall result o f these experiments was an increase in the 

absolute average prediction error, a promising pattern emerged.

As can be seen from Figure 5, using stratified sampling resulted in a large improvement in 

the absolute average prediction errors o f the elements occurring in the tails o f the 

distribution. However, this was at too high a cost to the accuracy in the high frequency 

regions. The overall result was to increase the absolute average prediction error from the 

value o f 0.72 INR units achieved using the simple ANN to 0.79 INR units.

Paired one-tailed /-tests across the 6 folds show, with a significance o f  75%, that the 

system using stratified sampling outperformed the simple ANN on those test elements with 

an expected INR value between 0 and 1.5 fNR units and, with a significance o f 95%, on 

those elements with an expected INR value between 3 and 6 INR units. It can also be 

shown, with a significance o f 99%, that the simple ANN outperforms the system using 

stratified sampling on those elements with an expected INR value between 1.5 and 3 INR 

units. It will be seen that this excessive damage to the high frequency areas o f the graph 

can be avoided using boosting, which is in essence a more subtle and adaptive version o f 

stratified sampling.

4.1.4. ANN Ensemble Using the ADABoost.R2 Boosting Technique

This set o f  experiments implemented a boosted ANN ensemble using the ADABoost.R2 

boosting technique as described in section 3.2.1. The resulting prediction errors recorded 

over a 6-fold cross validation are shown in Figure 6. The overall absolute average 

prediction error arising from the use o f the ADABoost.R2 technique was 0.75 INR units, a 

considerable increase over the value o f 0.72 INR units achieved using the simple ANN. A 

paired one-tailed /-test across the six folds shows, with 99%> confidence, that the simple 

ANN outperforms the ANN ensemble using ADABoost.R2.

Clearly these are very poor results for the ADABoost.R2 algorithm. This is disappointing 

given the promising results presented for the technique in [8]. An examination o f the 

distributions produced in the boosting process showed significant boosting occurring and
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showed dramatic variation in the samples being boosted from one boosting step to the next. 

Boosting is concentrated on a few training elements with particularly large prediction 

errors due to the skew in the original data set. The effect o f  this is that those elements are 

dramatically boosted while others are neglected. This happens again and again with 

dramatic changes to the data set at each step in the boosting process. This leads to a series 

o f training sets that are dramatically different to one another and so it becomes difficult for 

any inherent order to emerge. The result o f  this is that the individual networks in the 

ensemble differ too greatly in their predictions, causing the large prediction errors 

generated by the ensemble.

Given this it can be argued that ADABoost.R2 is not a suitable boosting technique for 

problems in which there exists a bias in the training data. This will be reinforced by the 

experiments carried out on the two other data sets considered.

4.1.5. ANN Ensemble Using Big Error Margin Boosting Technique

The first issue to address in the implementation o f the BEM boosting technique is to 

determine the correct values for the BEM and the number o f networks to use in the 

ensemble. As with the simple ANN, values for these were determined from 

experimentation with one o f the training sets from the cross validation process. Again, 

there is the possibility that these choices overfit this data resulting in estimations o f 

generalisation error that are optimistic. This calibration process is the main disadvantage 

that the BEM boosting technique has over the ADABoost.R2 boosting technique.

Once these system parameters had been established, a 6-fold cross validation was 

performed using an ANN ensemble trained on the warfarin data set using the BEM 

boosting technique. The effect o f using boosting was to decrease the absolute average 

prediction error to 0.65 INR units from the value o f 0.72 INR units achieved using a simple 

ANN. The really interesting result, however, is the fact that this improvement comes about 

by reducing the prediction errors for those elements with expected INR values in the 

outlying ranges without damaging prediction errors for those elements with expected INR 

values in the high frequency ranges. The absolute average prediction errors for the 

different INR value ranges produced using BEM boosting are shown in Figure 7.
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Using paired one-tailed ^-tests across the six folds a number o f  important observations can 

be made regarding these results. Firstly, it can be shown with a significance o f  95% that 

the ANN ensemble using the BEM boosting technique outperforms a simple ANN. 

Secondly, and perhaps more significantly, it can be shown that the ANN ensemble 

outperforms the simple ANN on both the left tail (considered the range o f 0 -  2 INR units) 

and the right tail (considered a range o f 3 -  4.5 ESTR units) o f  the fNR space with 

significances o f 90% and 95%> respectively. These results satisfy both o f our initial 

objectives -  i.e. to reduce the prediction error in the low frequency area o f the distribution, 

without damaging the prediction error in the high frequency area o f the distribution.

At this point it is worth reflecting on why the BEM technique gives better performance 

than the ADABoost.R2 technique. The amount by which individual data elements are 

boosted under the different techniques offers some explanation.

Using the ADABoost.R2 technique the amount to boost a particular element is determined 

by the prediction error arising from the presentation o f  that element to the network, i.e. 

those elements with high prediction errors are strongly boosted while those with smaller 

prediction errors are weakly boosted. Due to the biased nature o f the data sets being used 

in this work, some elements will always generate extraordinarily high prediction errors. 

As a result, at each iteration o f the boosting process, a small number o f  elements will be 

very strongly boosted. This results in erratic changes in the data sets produced over the 

course o f the boosting process.

By contrast, when using the BEM technique boosting is not dependant on the size o f the 

prediction error on a particular element. That is, once elements are selected for boosting 

(selection being based on the error exceeding the BEM) they are all boosted by the same 

amount. This results in much less dramatic boosting which, it would appear, results in a 

more stable system and produces better results.

Thus, the BEM technique meets our objective o f improving the prediction performance on 

the tails o f  the distribution without damaging the performance in the centre o f the 

distribution. In the remainder o f  this section we examine the performance o f the different 

learning systems under consideration on two other datasets with a view to determining the 

generality o f  this solution to bias in training data.
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4.2. Cardiac Risk Data

Due to a scarcity o f  medical regression data sets an artificial data set was created for the 

next set o f  experiments. This data set was created based on the Heart Attack Risk Index 

Metric available at www.medal.org. The metric calculates an individual’s risk o f suffering 

a first heart attack based on a series o f parameters including age, sex and cholesterol levels. 

In order to create a data set, an initial population was generated by selecting values for 

each o f the attributes required based on distributions calculated from statistics gathered 

about the specific attributes.

Once this initial population was generated, 650 data elements were randomly selected from 

this population to create the final data set. The final data set displayed an output 

distribution similar to that in the warfarin data (see Figure 8). The metric has been 

normalised into the 0-1 range through a simple linear scaling to suit processing by an 

ANN. Readers should note that all results will be considered in terms o f this normalised 

range.

The Cardiac Risk data set was then used in a number o f  experiments to compare the 

performance o f the different learning systems under consideration. A comparison o f the 

absolute average prediction errors achieved on the Cardiac Risk data set using each o f the 

learning systems is shown in Table 1. A similar pattern to that seen in the tests using the 

warfarin data set is clearly displayed. The simple ANN performed reasonably well with an 

absolute average error o f 0.049. However, the same problem o f poor performance at the 

tails o f  the result space was clearly present. When tested with the Cardiac Risk data, an 

ANN trained on a data set modified with stratified sampling went some way towards 

improving the prediction accuracy in the outlying regions. However, this improvement 

was at too high a cost to the regions o f high frequency resulting in a poor overall absolute 

average prediction error o f 0.052.

The two boosting techniques tested on the Cardiac Risk data set achieved quite different 

levels o f  performance. An ANN ensemble using the ADABoost.R2 technique achieved an 

absolute average error o f 0.048, a slight improvement over the performance achieved using 

a simple ANN. An ANN ensemble using the BEM boosting technique, achieved an 

absolute average error o f 0.045, performing particularly well on the outlying regions o f the 

problem space. These results are perfectly in line with the results on the warfarin data.
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4.3. Abalone Data

The Abalone data set is available from the UCI M achine Learning Repository 

('www.ics.uci.edu/~mleam/MLRepository.html~). This data is concerned with predicting 

the age o f an Abalone specimen (a type o f shellfish) based on physical measurements, e.g. 

length, diameter etc. The complete data set is made up o f  4177 elements each o f which is 

described by 9 attributes. Associated with each o f these elements in an actual age value for 

the Abalone. Early testing showed that when used with the Abalone data set boosting 

techniques resulted in the creation o f extremely large training sets. This resulted in 

unacceptably long training times when these techniques were used. For this reason, 1550 

elements were randomly selected from the complete data set, to form a smaller, more 

manageable set. This set was divided into a training set o f  550 (the size was chosen to 

make this a comparable set to the warfarin training set) and a testing set o f 1000 elements. 

A histogram of the actual age values o f the complete Abalone data set can be seen in 

Figure 9. Note again, that the age values have been normalised to the 0 -  1 range using a 

simple linear normalisation, and results will be presented in terms o f  these values.

Table 2 shows an overview o f the absolute average prediction errors achieved on the 

Abalone training set, over a 4-fold cross validation, using each o f the learning systems 

under consideration. Again, in spite o f being able to learn the data to a reasonable degree 

o f accuracy, tests using the simple ANN resulted in the, now familiar, pattern o f good 

performance in the areas o f  the training set with the highest frequencies o f training 

elements, offset by poor performance at the tails. The overall absolute average prediction 

error arising from the application o f a simple ANN to the Abalone problem was 0.055.

Applying an ANN using stratified sampling to the Abalone problem did not result in any 

improvement. Similar to the other data sets, improvements were achieved at the tails o f 

the distribution but at too high a cost to the area in the middle o f  the distribution with the 

highest concentration o f training examples. The overall absolute average prediction error 

achieved using an ANN in conjunction with stratified sampling was 0.08, an increase from 

the value o f 0.055 achieved using a simple ANN.

Ensembles produced using the ADABoost.R2 and BEM boosting techniques achieved 

errors o f 0.062 and 0.7 respectively. So both boosting techniques produced poorer
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performance than a single ANN. If we focus on the poor performance o f the BEM 

ensemble it can be seen in Figure 9 that this is due to deteriorations in the centre o f the 

distribution. This was a very surprising result as it was not in line with the behaviour 

shown in the previous experiments.

An examination o f the training sets produced over the course o f boosting suggests an 

explanation for this anomaly. Figure 11 shows how the training sets varied over the course 

o f boosting. The histograms show the amount o f boosting happening in each interval. It 

can be seen that although boosting took place in the tails o f the distribution as was 

expected, there is also significant boosting in regions that are well populated -  particularly 

around 0.25. Detailed examination o f the data sets produced through boosting has shown 

that a small number o f data elements, the expected ages o f  which fall within the most 

densely populated ranges, are repeatedly boosted at every stage in the boosting process. 

This would imply that the networks are not capable o f  learning these elements in spite o f 

the fact that they are so strongly boosted. This suggests that these elements are in fact 

noisy patterns in the data set. As stated in section 3.2 very noisy data will cause problems 

for boosting because the noisy elements will be difficult to learn and will consequently get 

boosted.

The deterioration in the most heavily populated regions can be explained by the fact that 

repeated boosting o f these noisy elements has the effect o f  reducing the numbers o f other, 

noise free, elements included in the training set. This causes them to be poorly learned, 

resulting in the pattern displayed. If this conclusion is correct, it would appear that the 

BEM technique is even more susceptible to noise than ADABoost.R2.

Although the experiments on the Abalone data set did not result in the pattern displayed by 

the previous data sets they were useful in that they identified a phenomenon commonly 

ascribed to boosting techniques -  their sensitivity to noise. This is one o f the limitations o f 

any boosting technique and shows that boosting can not be applied to all problems.

Conclusions

It is often the case that data on regression problem in medical decision support will have 

non-uniform distributions. ANNs (and other machine learning techniques) trained to solve 

these problems will be biased towards high frequency values. This issue arose in our
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research on predicting outcome in anti-coagulant drug therapy. Thus the objective o f  the 

research described here was to improve performance on the tails o f  the distribution o f 

outcomes without damaging performance in the centre o f  the distribution.

In this paper we have emphasised that it is impossible to optimise performance on such a 

biased distribution without considering the cost associated with errors at different points in 

the distribution. In practice it is often not possible to quantify these costs so we use a 

measure o f  dominance in comparing solutions. One solution dominates another if  it 

improves performance in one region without damaging performance in any other region.

Using this criterion we have found that stratified sampling can reduce errors at the tails o f 

the distribution but not without some deterioration in the centre. W e found that the BEM 

version o f  boosting produced dominating solutions for the warfarin data and for an 

artificial data set we created for these experiments. By comparison the performance o f the 

ADABoost.R2 version o f boosting was not as impressive. We also showed that the well- 

known issue with boosting o f intolerance to significant levels o f  noise is a problem with 

BEM appearing to be more noise intolerant than ADABoost.R2.

What this prescribes for use o f ANNs in regression tasks in medical decision support is as 

follows. If  the distribution o f outcomes is non-uniform then boosting using the BEM 

technique should improve performance on data from poorly represented regions without 

damaging performance in well populated regions. However, if  there is noise in the data 

boosting may damage overall performance so the influence o f  boosting needs to be 

assessed in a validation process.
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Table 1. An summary of the absolute average prediction errors achieved by each of the learning systems 

under consideration when tested on the Cardiac Risk data set over a 4-fold cross validation.

Simple Stratified AdaBoost.R2 BEM

MLP Sampling

Abs. Avg. 

Error

0.049 0.052 0.048 0.045

Table 2. A summary of the absolute average prediction errors achieved by each of the learning systems 

under consideration when tested on the Abalone data set over a 4-fold cross validation.

Simple Stratified AdaBoost.R2 BEM

MLP Sampling

Abs. Avg. 

Error

0.055 0.080 0.062 0.070

S im p le  ANN
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Figure 1. A graph o f the prediction errors produced from a 6-fold cross validation using a simple ANN 

network trained with the warfarin data set. Average prediction errors are presented for different ranges of 

expected INR values.
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Learning rate

F igu re  2. A histogram  o f the outcome INR values in the warfarin data s e t .
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AdaBoost.R2 Algorithm

Given: initialDataSet o f size m\ (xi, ym)-

1. Initialise Dj [ i j  = 1/m for all /; set / = 1

2. Populate currentTrainingSet from initialDataSet using D,

3. Construct a new network hi and train it using currentTrainingSet

4. Calculate the maximum loss, L^ax, over the initialTrainingSet where:

= sup |/z ,(x ,.)-3̂ ,|overall/

5. Calculate individual loss for each element in initialTrainingSet as follows:

j _\KWhy]
'  I

max

6. Calculate weighted loss: L =

7. See: /?, =i/(l-Z)

8. Calculate next distribution; (/) = — ------ -------

where Z, is a normalisation factor chosen so that ^  sums to 1.
i

9. t= t+ l;  Repeat steps 2-8  until L<0.5  or a pre-set number o f networks are 

constructed

Figure 3. The ADABoost.R2 algorithm
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Big Error Margin Boosting Algorithm

Given initialTrainingSet, initialDistribution and BEM  

Do[i] = initialDistribution[i] for all i 

t = 0; err Count = 0

1. Populate currentTrainingSet using Dt

2. Construct network h, and train it using currentTrainingSet.

3. For each member o f initialTrainingSet:

Present that element to the trained network and record the prediction error.

If the resulting prediction error is greater then BEM, 

mark that element as incorrectly predicted. 

errCount = errCount + 1 

Otherwise, mark that element as correctly predicted.

4. Calculate the UpFactor and DownFactor as follows:

linitialTrainingSetl
UpFactor =  --------------------------

errCount

DownFactor = ------ -̂-----
UpFactor

5. Cycle through each member o f the originalTrainingSet and update each 

elem ent’s distribution in the next training set as follows:

If the element was incorrectly predicted by the current network: 

distribution!^^ [/] = distribution, [/]x  UpFactor 

If the element was correctly predicted by the current network: 

d is tr ib u t io n [/] = distribution^ [/]x  DownFactor

6. Populate a new training set according to the distribution just calculated.

7. Repeat steps 1-6 until a given maximum number o f  networks have been created 

or errCount is zero for a particular iteration.

Figure 4. The Big Enor Margin boosting technique
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ANN Using Stratified Sampling □  ANN Using Stratified Sampling

□  Simple ANN
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F igu re  5. A graph o f  the prediction errors produced from a 6-fold cross validation using a simple ANN 

trained with the warfarin data set which had been prepared using stratified sampling.

ANN Ensemble Using ADABoost.R2 Boosting □  ANN Ensemble

□  Simple ANN
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F ig u re  6. A graph o f  the prediction errors produced from  a 6-fold cross validation using an ensemble o f 

simple ANNs trained using the ADABoost.R2 algorithm.
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Figure 7. A graph o f  the prediction errors produced from  a 6-fold cross validation using an ensem ble o f 

simple ANNs trained using the Big Error M argin boosting technique on the warfarin data set.
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Figure 8. The distribution o f  expected heart risks in the Heart A ttack Risk Index data set.
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Abalone Data Set Distribution
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Figure 9. The distribution of expected Abalone ages in the Abalone data set.
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Figure 10. A graph of the prediction errors produced from a 4-fold cross validation using an ensemble of 

ANNs trained with the Abalone data set using the BEM boosting technique.
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Figure 11. A selection of training sets generated over the course of boosting using the Big Error Margin 

technique on the Abalone data set. Notice how the histogram bar in the 0.25 position remains high for 

every iteration.
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