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Methods of Classification of the Cardiotocogram.

Assessing the condition of the fetus during labor is a guessing game due to its

relative inaccessibility, and the simple fact that birth is a highly strenuous process

for even a completely healthy fetus. The current practice of Cardiotocogram (CTG)

monitoring introduced to detect signs of fetal hypoxia has not yet been demonstrated

to have made a significant impact on fetal survival rates.

A range of methods to identify severe hypoxia from CTG traces have been proposed

in the literature, but there are few instances in which they are directly compared. This

restricts both assessment of the potential of the CTG itself and progress towards an

optimal decision making process.

This Thesis compares CTG classification techniques proposed in the literature and

their potential extensions. A comparison between four classifiers previously assessed

- Adaboost, Artificial Neural Networks (ANN), Random Forest (RF), Support Vector

Machine (SVM) - and two proposed classifiers - Bayesian ANN (BANN), Relevance

Vector Machine - was conducted using a database of 7,568 cases and two open source

databases. The Random Forest (RF) achieved the highest average result and is pro-

posed as a benchmark classifier.

The proposal to use model certainty to introduce a third, unclassified, class was

investigated using the BANN. An increase in the classification accuracy was demon-

strated, however the proportion of cases in the unclassified class was too great to be

of practical value.

The information content of time series was explored using a Hidden Markov Model

(HMM). The average performance of the HMM was comparable with the performance

of the benchmark with a smaller distribution across validation folds, demonstrating

that time-series information provides more stable estimates of class than stationary

methods.

Finally a method of system identification was implemented. Significant differences

between feature trends and histograms in low pH (< 7.1) and healthy pH (≥ 7.1) cases

were observed. These features were used as classifier inputs, and achieved performance

similar to existing feature sets. When these features were aligned according the onset

of stage 2 labour three unique trend patterns were discovered.
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Glossary

Acidemia - A condition of lowered systemic pH. Fetal respiratory acidemia is a con-

dition defined clinically as pH< 7.20 and a base excess (BE) of less than -8mmol/L in

any umbilical vessel, though a high risk of adverse outcome has been associated with

the much lower value of pH< 7.0 [6].



Acidosis - The process of lowering the systemic pH, and may arise as a result of severe

hypoxemia leading to the production of lactate (metabolic acidosis) or the accumula-

tion of CO2 in the blood (respiratory acidosis).

Antepartum labour - The period of labour up until the start of the intrapartum

period.

Apgar test - An objectively scored assessment of fetal health, performed 1, 5, and 10

minutes after birth, named after its creator.

Base Deficit/Excess - A measurement of the metabolic component of acid-base dis-

turbances in mmol/L [78].

Caesarean section - A surgical procedure in which the fetus is removed from the

mother by cutting through the maternal abdominal wall.

Cerebral Palsy - A group of disorders which may affect movement, sensation, and

reasoning, and may cause seizures.

Fetal Asphyxia - A condition of reduced gaseous exchange leading to progressive

hypoxemia [112].

Fetus - The unborn baby.

Hypotension - A condition of abnormally low blood pressure.

Hypoxemia - A condition of abnormally low oxygen saturation in arterial blood, a

common cause of hypoxia.

Hypoxia/Anoxia - A condition where the body tissue is deprived of an adequate

oxygen supply, anoxia indicating a complete deprivation.

Hypoxic-Ischemic Encephalopathy - Damage to the fetal brain caused by a lack

of oxygenated blood.

Intrapartum labour - The period of labour from the end of stage 1 labour until

delivery of the fetus.

pH - A measure of the acidity or alkalinity of a solution, with a value of 7 being

considered neutral, lower values acidic, and higher values more alkaline.

Neonatal Encephalopathy - A syndrome of brain dysfunction affecting the fetus.

Neonate - A newly born baby, less than 4 weeks old.

Oxytocin - A medication used to artificially induce contractions in the mother.

Parity - A count of the number of births carried to gestational age by the mother. A

mother with no previous pregnancies will be described as nulliparous.
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1.1 Motivation

In 2014 there were 700,000 births in England and Wales [132], a number which has

been rising yearly. Most of these births proceeded without incidence, however 4.3 in

every 1000 low risk births experienced complications, of which 40% could be attributed

to intrapartum hypoxia (IH) [20].

IH is a condition of reduced oxygen supply to the fetus which occurs to some

degree in all labours as strong contractions in the final stages of delivery restrict the

flow of oxygenated blood through the umbilical cord. Severe and prolonged IH leads to

Neonatal Encephalopathy (NE), is strongly linked to Cerebral Palsy (CP), and is the

largest single contributor to neurological impairments and mortality in intrapartum

labour [151, 171].

Treating severe IH involves intervention to hasten delivery, through either Cae-

sarean section (CS) or mechanical aid, after which the fetal oxygen supply will be

restored. The likelihood of permanent damage due to IH increases the longer the con-

dition continues. Earlier intervention will therefore improve outcomes, but must be

weighed against other complications which may be caused by intervention.

To help clinicians decide whether to intervene labours may be monitored using

the cardiotocogram (CTG). Uncertainties in CTG interpretation mean cases of severe

IH may be missed, and along with increasingly conservative attitudes to clinical care

during labour have led to a rising trend towards operative delivery. A major factor

behind this changing medical attitude has been the need to reduce the cost of obstetric

litigation fees related to CTG interpretation and CP [42].

A recent study of United Kingdom National Health Service (NHS) litigation costs

showed that from April 1st 2000 to March 31st 2010 £3.1 billion was spent on claims
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made to the Obstetrics and Gynaecology department, equal to the sum of all other

specialities. The average claim for CTG interpretation came to £1.55 million, second

to CP claims at £2.4 million [129]. Stronger, evidence based, interpretation of the

CTG could help to reduce unnecessary interventions and to reduce the incidence of

hypoxia related intrapartum events.

1.2 Defining the problem

Most intrapartum events, such as misalignment in the birth canal (breech presenta-

tion, shoulder dystocia etc.), uterine rupture, or maternal pre-eclampsia have readily

identifiable symptoms. Identification of IH and the strongly related fetal acidosis re-

main difficult since the relevant physiological features - cerebral oxygen saturation and

blood pressure - cannot be directly measured.

The CTG, which is a combined measurement of the fetal heart rate (FHR) and

the mother’s uterine activity (UA) or contraction patterns, has been successful in

recognising changes in heart rate patterns due to chronic hypoxia in antepartum labour,

and is routinely used for such [39].

Based on this success, it has become the most widely used method of intrapartum

fetal monitoring in cases of a high risk labour or when fetal distress is suspected [130].

Unlike antepartum labour its use has not been demonstrated to reduce fetal morbidity

and mortality, and instead to have slightly increased operative delivery rates [168, 3].

The poor performance of the CTG in managing IH is a result of several factors:

1. Some degree of IH will be present in all births, which some fetuses will cope

with better than others. The problem is therefore identifying a threshold above

which permanent damage will be caused, and identifying those cases far enough
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in advance for treatment to prevent damage.

2. Signal quality is lower due to an increase in maternal and fetal movements, and

unlike the antepartum stage it is not possible to wait for a higher quality sample.

In the case of antepartum assessment automated methods such as the Dawes-

Redman system [39] were successful in improving the accuracy of diagnoses made

using the CTG. These methods have not yet been extended successfully to the intra-

partum case. Multiple commercial and research groups are investigating automation

of diagnosis in the intrapartum stage to improve performance and provide an objective

assessment in defence of litigation.

Progress in this area has been hindered the by poor availability of data due to the

rarity of adverse incidents with complete CTG traces, and the fact that direct physio-

logical measurements cannot be taken during labour. Therefore any transient periods

of severe IH are ignored when labelling CTG traces, meaning individual patterns may

be labelled incorrectly.

1.3 Objectives of this Thesis

This Thesis intends to review automated CTG classification using a uniquely large

dataset, the Oxford Centre for Fetal Monitoring Technologies (OCFMT) database.

The information content of the CTG is explored using the wide range of potential

classifiers proposed in the literature, and a comparison between these is made to es-

timate an upper limit of classifier performance achieved using these methods and to

establish a benchmark against which further developments may be compared.

Three proposed strategies to improve identification of IH are investigated in detail.
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The first is the inclusion of confidence bounds on decisions, the second the inclusion

of time-series information and the third an investigation into the use of system iden-

tification (SI) to integrates prior knowledge into the process of classification.

1.4 Overview

Chapter 2 expands on the problem defined in Section 1.2, the physiology of the fetus

and the options currently available to assess fetal condition used in practice. Chap-

ter 3 looks at the introduction of computerized methods of CTG assessment, and

details the necessary steps to classification - feature extraction, selection, and classifi-

cation, including details on commercially available decision support systems. Chapter

4 evaluates the classifiers proposed in the literature, and introduces several new clas-

sifiers. Chapter 5 covers the implementation of a method of system identification, and

the insights into the data this method provides. Finally Chapter 6 summarises the

recommendations from this investigation, and suggests possible directions for future

research.
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Chapter 2

The Physiology of Labour
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This Chapter provides an understanding of the clinical side of labour management,

the role of the CTG, and current medical practice. The stages of labour and are defined

in Section 2.1. The fetal physiology is described in Section 2.2. Hypoxia, its effect on

the fetus, treatment, and assessment are examined is Section 2.3. Finally the options

for monitoring the fetus for signs of IH are described, starting with the focus of this

Thesis, the CTG, in Section 2.4, and alternatives in Section 2.5.

2.1 The stages of labour

Labour begins with the onset of regular contractions, after which it is split into four

distinct stages. Stage 1 labour begins with these regular contractions during which the

cervix dilates, and ends when the cervix lies flush with the vaginal wall. In practice

this is difficult and unnecessary to measure, so the second stage is assumed to begin

when dilation has reached 10cm, and typically lasts from 2-20 hours.

Stage 1 labour can be further split into three sub-phases, the first being a latent

phase during which the cervix slowly dilates to roughly 4cm. Admission normally

occurs during this phase, which may last 2-10 hours. This is followed by a period of

active dilation, where the cervix rapidly dilates at a rate of roughly 1cm/hour. Finally

there is a second stage of slow dilation, accompanied by the descent of the foetus into

the birth canal. During this period contractions increase in frequency, from lasting

10-40 seconds and occurring every half hour to longer contractions of 30-90 seconds

every 5-10 minutes.

During Stage 2 labour, the foetus continues to descend through the birth canal

and is expelled by continuous contractions which last for 30-60 seconds and occur on

average every two minutes. During this stage the mother will be urged to push with

7



the contractions to aid with the birth. The third stage of labour begins once the fetus

has been expelled, and ends with the expulsion of the placenta. The fourth and final

stage concerns the hours after active labour, where uterine tone is restored.

Clinically the terms antepartum, intrapartum, and postpartum are often used

alongside the stages. These terms are divided according to the clinical attention given

to the mother. Intrapartum is defined as the period from the final phase of stage 1

and the arrival of frequent strong contractions through to the end of the third stage

with delivery of the placenta, during which attention will be frequent or in high-risk

cases constant.

Antepartum refers to the entire pregnancy preceding the intrapartum period, and

is a stable period where care concerns the detection of chronic or congenital condi-

tions through regular ultrasound surveys. Finally in the postpartum period care and

attention are given towards recovery after the strain of childbirth, pain relief and

psychological care. This Thesis is focused on monitoring and care delivered during

intrapartum labour.

2.2 Fetal physiology

The circulatory system of the fetus is different to that found after birth as the oxygen

required for metabolism is not acquired from gaseous transfer in the lungs; in fact the

fetal circulation almost entirely bypasses the pulmonary circuit due to a connection

between the left and right atria of the heart which will close at birth. During de-

velopment the fetus is supplied with oxygenated blood via the umbilical cord, which

contains a single arterial vessel transporting de-oxygenated blood, an offshoot from

the iliac arteries in the pelvis of the fetus, and a single venous connection containing

8
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Figure 2.1: A comparison between the adult and fetal physiology. Of particular at-
tention are: a) the umbilical arteries which offshoot from the illiac arteries at the
bottom of the descending aorta; b) the umbilical vein flowing mostly into the inferior
vena cava, with a small amount shunted off to the heart and central organs; c) the
connection between the pulmonary artery and the aorta; and finally d) the connection
between the left and right atriums of the heart. Together these circuits preferentially
supply the heart, the central organs and the brain. Image adapted from [140].

fresh blood from the placenta of which a portion is shunted directly to the inferior

Vena Cava; the remainder entering at the liver. This system, shown in Figure 2.1,

prioritizes distribution to the core organs and the fetal brain. The placenta lies at one

end of the umbilical cord flush with the wall of the uterus; a spongy mass richly popu-

lated with blood vessels where metabolic waste products are removed and blood in the

fetal circulatory system from the umbilical artery is resupplied by diffusion through a

membrane - there is no direct contact between fetal and maternal blood. There is no

neural regulation of the placental blood flow, but the vessels which feed it are subject

to locally induced vasoconstriction [101].

Fetal blood contains a unique form of haemoglobin which has a greater affinity for

oxygen than its adult counterpart, allowing for passive transport of oxygen through the
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placental membrane from maternal blood, though transport of nutrients and waste are

aided by active systems. At birth this will represent 60-80% of the fetal blood [167].

This however inhibits delivery of oxygen to tissues, so fetal blood has a greater haema-

tocrit (blood cell count) to compensate, and takes advantage of the Bohr effect; the

reduction of haemoglobin’s oxygen binding affinity with a decrease in pH (or likewise

an increase in CO2 concentration). Together these effects increase the oxygen carrying

capacity of fetus, allowing it to withstand long periods of hypoxia.

The fetal heart provides blood pressure in the fetal circuit, which at term is ex-

pected to be roughly 45mmHg [169], dropping as it passes through the placenta to

roughly 20mmHg in the umbilical vein. At 40 weeks, the blood flow rate through

the umbilical cord is typically 240mL/min [101], and the total fetal blood volume is

estimated to be 90-115ml/kg [100], significantly higher than that in adults due to

the additional volume contained within the placenta. Due to practical considerations

much of this information is derived from sheep fetuses, which have very similar sizes

and heart rates to humans.

The FHR is controlled by changes in the sympathetic-parasympathetic balance

[183], which is governed by two systems, chemoreceptors and baroreceptors, respond-

ing to changes in pH and pressure respectively. Baroreceptors are located in the carotid

artery and the aortic arch, with the latter responding only to increases in blood pres-

sure. Baroreceptors maintain blood pressure by increasing heart rate, contractility

(the strength of a heartbeat) and peripheral vasoconstriction in response to decreases

in blood pressure and visa versa. Notable is the Cushing reflex, where an increase in

intracranial pressure due to compression of the fetal head constricts cerebral arteries,

causing bradycardia. This rapid increase in the perceived pressure gives a much faster

response than that caused by occlusion of the umbilical artery alone.
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There are multiple chemoreceptors in the fetus - peripheral receptors located at the

aortic arch and carotid sinus, and a central receptor in the medulla [86]. Stimulation

of the aortic receptor results in bradycardia and a drop in blood pressure. Stimulation

of the carotid receptor may result in a range of effects, a drop or rise in heart rate, and

attempts at respiration in term fetuses. A drop in fetal heart rate preserves myocardial

function by reducing oxygen consumption in the heart tissue. The severity of the drop

in heart rate is proportional to the severity of acidosis suffered by the fetus [199].

2.3 Intrapartum hypoxia

A hypoxic insult is a period of time where oxygen consumption of the fetus outstrips the

supply. Hypoxic insults can be either severe sustained deficiencies caused by a medical

event, such as cord entanglement or placental rupture, or brief repeated occurrences

due to umbilical cord collapse caused by either contractions or compression due to

fetal/maternal movement. The former are easy to identify but difficult to foresee or

prevent, whereas the latter are suffered by all fetuses to some degree and are a normal

part of labour the fetus is normally able to cope with. Detection of fetuses not coping

with periodic deficiencies is the central goal of CTG analysis in this context.

In low oxygen scenarios cells begin respiring anaerobically, which both generates

metabolic products and rapidly uses existing glucose supplies. Sustained anaerobic res-

piration will rapidly deplete glycogen supplies, causing energy dependent mechanisms,

the sodium and potassium pumps, to fail. Without the charge and concentration gra-

dients maintained by these, cell depolarisation occurs, allowing sodium and calcium to

enter, and finally due to osmotic pressure enough water to cause cell lysis [13]. Thus

of potentially greater importance than the supply of oxygen is the supply of glucose.
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To prevent this from occurring the fetus will redistribute blood flow to the core

organs and the fetal brain by peripheral vasoconstriction and shunting a larger portion

of the ventricular output towards the brain. The heart rate may increase to maintain

cardio-vascular output until the oxygen supply is restored allowing waste products to

be removed and glycogen and oxygen supplies to be replenished. The increase in the

acidity of the blood and systemic accumulation of waste products in the fetus is termed

acidemia (metabolic and respiratory for lactate and CO2 respectively).

Should the insults continue for a prolonged period of time, or the fetus fail to recover

sufficiently between insults, glycogen levels may fall too low to sustain myocardial

function, causing a drop in the mean arterial pressure (MAP) and a reduced glucose

supply to the brain. In lamb studies hypotension, and the resultant reduction in

cerebral blood flow, were identified as the critical factors in causing neuronal injury,

not the accumulation of metabolic and respiratory products [79]. Every fetus will

respond differently, depending on age, sex, and temperature [13], and hence there

is not a well defined cut off point in any physiological measurement beyond which

permanent damage will occur.

In the event that the fetuses life is deemed to be at risk a ’crash’ CS will be per-

formed. The intention of this is to deliver the baby as quickly as possible; the target

time between decision and delivery is set to be < 30 minutes. [131]. In circumstances

where there are non-reassuring signs and the labour has progressed far enough the

process may be hastened with the use of forceps to apply additional tension in con-

junction with contractions, or with a vacuum attachment (ventouse) where suction

provides purchase on the fetal head, and again provides additional force to expel the

fetus.
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2.3.1 Outcome assessment

It is difficult to know immediately whether neurological damage has occurred in the

newborn fetus and what, if any, impact it will have on its development. The only

fully comprehensive answer to this question can be found through long term follow

up on the newborn’s developmental progress, a costly and often unnecessary process

which will be carried out only when damage is suspected. Even with this information,

assigning outcomes as intrapartum related or gestational is difficult. In practice simpler

measures are used to assess the fetal condition upon birth to quantify the presence of

severe birth hypoxia and to identify the need for further treatment. Both methods,

the Apgar test and pH umbilical artery sampling are typically performed at birth.

Apgar scoring and clinical assessment

The Apgar score ranges from 1-10, and is the sum of 5 factors; Appearance (skin tone),

Pulse, Grimace (the reflex to stimulation), Activity and Respiration, each scored from

0 (poor) to 2 (healthy). It is performed immediately after birth and at the 5 and 10

minute marks. Though it is in part a subjective test, originally designed to assess the

need for and success of resuscitation in newborns, it is highly predictive of long term

fetal outcomes such as low intelligence quotient (IQ), CP, and death [121, 81, 125].

pH & base deficit

Blood tests will be performed after delivery, and may be performed during labour

on samples taken from the fetal scalp or samples from the umbilical cord after birth.

Three tests are available, pH, lactate, and base deficit (BD), with each indicating the

occurrence of different events.
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The first, pH, is a measure of the presence of metabolites (lactic acid) and res-

piratory products (carbon dioxide) dissolved in the blood, and a test will typically

require 18 minutes to perform [108]. The detection of acidemia is not 100% sensitive

to adverse fetal condition. There is a greatly increased risk of encephalopathy at low

umbilical arterial pH (< 7.0, relative risk 16.86:1) but 75% of all incidents occurred in

cases with a greater pH [205], indicating that other markers must be used to quantify

fetal harm at birth. Animal studies have also demonstrated that using pH as the sole

outcome measure can be misleading; in lamb models with induced severe asphyxia, pH

and BD recovered to normal values within 6 hours of the hypoxic insult while other

physiological measures slowly returned towards baseline values over the 72 hours until

the model was sacrificed [87].

It is established that the mechanisms by which the pH decreases are as important

as the absolute value reached and though the likelihood of damage is much greater at

lower pH values, it is not guaranteed. There is an open debate on whether a cut-off

value should be used to diagnose birth asphyxia, and if so what it should be [205, 74]

- a healthy value is normally considered to be > 7.26.

Lactate samples indicate the presence of lactic acid, the product of anaerobic respi-

ration, and can be processed in as little time as 10 minutes. The test can be performed

at the bedside, and with a greater success rate than pH tests due to the reduced volume

of blood required (5µl) [46]. This is advantageous when blood tests are performed to

confirm the results of CTG assessments, or to aid decisions in cases exhibiting suspi-

cious patterns. Lactate sampling has shown greater sensitivity and specificity to low 5

minute Apgar scores and severe hypoxic ischemic encephalopathy (HIE) than pH [103]

and in lamb models lactate levels in severely asphyxiated lambs remained elevated

much longer than pH levels [87]. It is currently recommended as the primary method
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of blood sampling for fetal condition during labour in the United Kingdom (UK) [148].

Finally base deficit measures the increase in concentration of the blood buffer base

produced by the liver in response to metabolic acidosis. It is calculated from the bi-

carbonate concentration and the pH of a sample of blood. Intrapartum asphyxia is

sometimes defined in terms of both the base deficit and the pH, required to demon-

strate metabolic respiration [158], using a cut-off point of < 12mmol/L. Without any

respiratory difficulty this value will range from −2 < BD < 2mmol/L.

2.3.2 Epidemiology and healthcare impact

Intrapartum asphyxia leading to neonatal-encephalopathy can cause cerebral palsy or

in extreme cases death. Estimates of incidence rates of intrapartum related mortality

range from 0.5 to 0.9 per 1000 births each year [132, 25], and intrapartum related

disordered brain function occured in 1.6 per 1000 births [132]. Between 9-20% of all

cerebral palsy is caused by intrapartum events [139, 13, 74], the remainder being caused

during gestation, with an combined incidence rate of between 1.5-2.5 per 1000 births.

A retrospective analysis of care in 28,486 deliveries in Sweden found that of the 161

incidents of metabolic acidosis, 49.1% were preventable, with CTG misinterpretation

occurring in 19.9% of all incidents [89].

Between April 1st 2000 and 31st March 2010 the NHS spent £3.1 billion on liti-

gation costs and payments on 5,087 claims made, of which 300 were made on CTG

interpretations and 542 on cerebral palsy, totalling £1.7 billion in claims, though it

was noted that issues of CTG interpretation arose in cases marked in other categories

[129]. The same report noted that 41% of intrapartum-related CP was avoidable with

proper care.
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This increase in litigation and the presence of preventable cases has been a con-

tributing factor in an increase in CS rates worldwide, rising from 20.8% in 1997 to

31.8% in 2007 in America, and 27.7% across all industrialised countries [42]. In the

UK individually this rate has risen from 12% in 1990 to 28% in 2008 [128].

2.4 The cardiotocogram

Decision making during labour requires some measure of the fetal status, of which

the choices are limited due to the inherent inaccessibility of the fetus and considera-

tions for the mother’s comfort. Physiological measurements are complemented with

clinical information and physiological measurements from the mother and the history

of treatments that have been administered during the birth such as Oxytocin or any

anaesthetics.

The CTG is a continuous measurement of two signals; the FHR taken as the beat-

to-beat interval, and the UA, used to identify contractions. It is available in almost

all hospitals in the developed world, and though not routinely used continuously for

all labour it is used for births defined as high risk (such as an underweight fetus or

maternal illness), or when a non-reassuring signal has been identified in intermittent

monitoring. The continuous signal is believed to be advantageous as it allows for

identification of trends in the heart rate and provides access to historic patterns which

can be reviewed to aid diagnosis.

A sample 20 minute digitised tracing of CTG data is shown in Figure 2.2; in clinical

practice this output will be continuously printed to paper at a rate of 1-3cm/minute.

The CTG is used routinely in antepartum labour to identify gestational diseases [40]

and upon admission for delivery. In these situations, the monitors remain in place for
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Figure 2.2: A 20-minute sample of a CTG recording. The top axis shows the uterine
activity (UA), and the bottom the fetal heart rate (FHR).

30 minutes, or until sample quality criteria have been met and the sample has been

deemed as reassuring.

The CTG signal can be produced using external or invasive monitors; the former

being two belts strapped around the maternal abdomen, the first being a pressure

transducer and the second an ultrasound probe. The pressure transducer, called a

tocodynamometer estimates the pressure required to flatten an area of skin on the

mother’s abdomen using a circular pressure transducer held against the skin with an

elasticated belt. External pressure measurement has two disadvantages - the device

can be uncomfortable for the mother to wear and the measurement provided is noisy

and relative. Practically it is used only to indicate the beginning and endings of

contractions and trends in their relative strength.

The second measurement, the FHR, is found externally using an ultrasound probe

which must be focused on the fetal heart. The shift in the frequency of the returned

signal is used to estimate the flow of blood through the fetal heart. From this au-
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tocorrelation methods are used to estimate the heart rate. Again there are a couple

of disadvantages to external monitoring - the rate identification algorithm is vulnera-

ble to doubling the estimated heart rate should that frequency become the dominant

component [123] and a second belt must be worn to hold the monitor in place, which

must remain focused on the fetal heart. Signal quality is low, and affected by maternal

movements which may move the focal point away from the fetal heart, or worse onto

a maternal blood vessel.

Invasive monitoring involves insertion of two probes through the cervix and into

the uterus; a pressure transducer capable of measuring absolute pressures and a screw

type electrode attached to the scalp to pick up the fetal electrocardiogram (ECG). On

the downside, invasive monitoring can only be conducted after rupture of the amniotic

membrane and the process is by its nature an invasive process. The screw electrode can

become detached but the signal quality is significantly better than external methods

in both stage 1 labour (7.2% of segments missing against 1.0% for internal methods)

and stage 2 labour (19.0% of segments missing against 4.0%) [11].

The CTG is then assessed for signs of fetal asphyxia by identifying morphological

patterns. These patterns are defined in more detail in clinical guidelines, covered in

section 2.4.2. Here their physiological causes are explored. The first features identified

were:

• Accelerations - transient rises in the FHR.

• Decelerations - transient decreases in the FHR, normally in response to a con-

traction.

• Baseline heart rate - the stable component of the FHR which it will return to

after a transient event.
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• Short term variability - low frequency perturbations about the baseline to 5-10

bpm caused by the fetus’ auto-regulatory system.

• Contractions - periods of uterine activity lasting 30-120s.

Accelerations can be caused by fetal movements, and may be absent in periods of

fetal sleep, hence their absence is not taken to be of clinical relevance. Accelerations can

be induced by acoustically stimulating the fetus, though the inability to induce them

is not an indicator of acidosis, their presence is a reassuring sign [160]. Accelerations

during intrapartum labour are not expected as the fetus will typically be minimising

movements to minimise the impact of hypoxia.

Contractions will typically increase the uterine pressure by 40-80mmHg, high enough

to compress the umbilical vein. Smaller contractions will not compress the higher pres-

sure umbilical artery, leading to a drop in blood pressure as blood flows out without

return. Some contractions will be of low enough intensity that neither vessel will be

occluded. The fetal system will respond to a contraction by dropping the heart rate to

maintain pressure and to reduce myocardial work, to increase slightly in response to

the decreasing pH and to return once the flow has been restored. This drop in heart

rate is observed as a deceleration on the CTG. The contraction response is mediated

in part by chemoreceptors [199] although prolonged restrictions lead to maintenance of

the deceleration due to myocardial hypoxia [52]. The contraction-induced deceleration

may be accompanied by shoulders; as the umbilical vein has the lower intraluminal

pressure of the two umbilical vessels this will close first, meaning that some blood vol-

ume is lost. The drop in pressure causes a temporary increase in heart rate, observed

as the leading shoulder. As the contraction ends, arterial flow will be restored first

due to its higher pressure, causing another drop in volume and the second shoulder to

19



maintain pressure [70].

Westgate et al [199] used fetal lamb models to study the shape of the deceleration

in response to progressive hypoxia by repeatedly occluding the cord at regular intervals

to simulate contractions. Term lambs were fitted with monitoring equipment and a

cuff fitted to occlude the umbilical cord, which was inflated and deflated in occluded

to non-occluded ratios of 1:5 minutes and 1:2.5 minutes. The 1:2.5 ratio group eventu-

ally became hypotensive, with severe acidemia. The 1:5 group compensated well, with

slight dips in arterial pH and base excess (BE) which were quickly restored, demon-

strating the fetus’ ability to survive brief repeated occlusions. The onset slopes of the

observed decelerations were proportional to the magnitude of the measured chemore-

ceptor response, which adapts to the severity of fetal stress; developing acidosis being

linked to a steeper onset slope. The magnitude of the deceleration was related to the

severity of the hypoxic insult. Overshoot, a shoulder occurring only after deceleration,

was also related to developing acidosis and has been further demonstrated in human

CTG recordings [60].

Other aspects of the deceleration shape have not yet been explained. de Haan et

al. reported on the impact of repeated occlusions on FHR recovery times and the time

taken for the heart rate to return to the baseline during a deceleration [41]. The impact

of 1:2.5 minute and 2:5 minute occlusion ratios were tested on FHR features, and

recorded with respect to the umbilical pH, showing little difference until severe (pH <

6.9) acidemia. The effect was more pronounced on the MAP, demonstrating that a

careful choice of properties is important and that their discriminatory information is

not uniform.

Short term variability (STV) is defined as the low amplitude wander of the FHR

about the baseline with a frequency of less than 2 cycles per minute, caused by the
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sympathetic/parasympathetic nervous system. In animal models heart rate variability

was highly correlated with asphyxia, and depressed variability was observed following

periods of asphyxia [18].

Loss of FHR variability has long been thought of as a strong indicator of neurolog-

ical damage, yet studies in lamb models found reduced variability in 2/3 of severely

acidotic cases, with the remaining 1/3 showing increased variability [198]. Also, not all

loss of variability is cause for concern. Heart rate variability will exhibit periodic de-

creases in periods of fetal sleep, or may be depressed as a result of drugs administered

to the mother.

Under conditions of severe fetal distress the responses of the control systems begin

to fail to function at all. In these incidents the para-sympathetic system may com-

pletely collapse resulting in the loss variability and a distinctive sine-wave pattern in

the baseline FHR [52]. However by this point damage is likely to be permanent or

unpreventable, making identification of the pattern useless in preventing harm.

2.4.1 Criticism of the CTG

The usefulness of CTG recordings in the identification of fetal risk is a subject for

debate [133], and the effectiveness of Electronic Fetal Monitoring (EFM) in comparison

to the standard method of intermittent auscultation as a methodology of care for the

patient has shown both benefits and costs. This first came to light in the Plymouth

trial [200]. A meta-review including this trial on the impact of continuous CTG on

labour outcome showed no effect on perinatal death rates, but a reduction in neonatal

events, primarily a 50% decrease in neonatal seizures [168]. The use of CTG versus

intermittent auscultation (IA) was recently reviewed by Alfirevic et al [3] in another
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meta-analysis of 12 trials totalling 37,000 cases - some in common with Steer. This

review showed no difference in the perinatal death rate, and an increase in intervention

rates due to suspected fetal distress.

In review Thacker et al [173] showed a reduction in neonatal seizures when using

EFM, but noted that this must be weighted against the increase in assisted deliveries.

Low et al [113] showed, among others, that FHR variables and their patterns can be

used as predictors, however they do suggest that supplementary tests are necessary for

clinically relevant applications, as did Tasnim et al [172].

CTG has been the centre of frequent malpractice investigations centred around

its interpretation due to its high sensitivity. In 71% of intrapartum asphyxia cases

seeking compensation in Sweden between 1990 and 2005 signs of fetal asphyxia which

could have been acted upon were found in CTG traces [14]. A second Swedish study

on labours between 1994 and 2004 found evidence of CTG misinterpretation in 19.9%

of cases (out of 161 in total) that resulted in metabolic acidosis. An enquiry into

intrapartum deaths in the UK showed failure to act on abnormal CTG in 72% (18

total) of cases [127].

In America, part of the rise in litigation is attributable to screening programs

in low-risk healthy births, such as admission CTG assessment. The sensitivity and

specificity of the CTG were found to be 57% and 69% for both fetal death and CP,

making it highly inappropriate as a screening programme due to the low incidence

rates of each (0.5 and 2 per 1000 births) [77].
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2.4.2 Guidelines for CTG interpretation

Guidelines have been developed by experienced clinicians based on current practices

to bring objectivity into CTG interpretation and management. Traces are divided into

separate categories depending on the medical attention that each should receive, with

class boundaries being absolute values of identified morphological features.

The first of these was devised in 1958 [84], more modern examples being those

proposed by the American College of Obstetricians and Gynecologists (ACOG) [5], the

National Institute for Health and Care Excellence (NICE) [130, 132], the International

Federation of Gynecology and Obstetrics (FIGO) - first established in 1987, though an

updated version is currently being drafted [51, 7], and the National Institute of Child

Health and Human Development (NICHD) [152, 115]. Each guideline defines a single

class which requires intervention, a second which is reassuring of normality, and 1-3

intermediate or suspicious classes.

Each of the commonly observed CTG features described in section 2.4 has been

formally defined, and in the case of the deceleration multiple shapes are described. As

an example FIGO defines the different deceleration shapes that may be observed as

[51]:

• Early - Shallow and short lasting. Indicators of fetal head compression.

• Variable - The most common, with a quick drop and recovery of FHR. STV

is retained during the deceleration, and there is a strong relationship to the

duration and intensity of the corresponding contraction. Possess a ”V” shape,

with a ”U” being an indicator of potential complications.

• Late - ”U” shape or reduced STV, with a slow drop and recovery in FHR, and

a significant delay after the start of the corresponding contraction.

23



There is not agreement between guidelines on the boundaries of each category, or

the number of categories that are needed in practice. For example the NICE clinical

guideline [132] defines a normal CTG as having a baseline between 110-160bpm, with

STV ≥ 5bpm, and only early decelerations. The FIGO guidelines however define

normal as having a baseline between 110-150bpm, STV between 5-25bpm, and no

decelerations. Further information on the discrepancies between guidelines can be

found in the literature [8].

Multiple guidelines are being used currently so discrepancies can be expected

between institutions, but when assessed individually interpretations made following

guidelines are also not consistent. A study by Blackwell et al. [17] using the most

recent NICHD guidelines demonstrated agreement between three experts in 57.7% of

segments giving a kappa value across the three classes of 0.45, and an intra-observer

agreement between kappa of 0.74-1. Confusion was found only between neighbouring

classes, i.e. no healthy class was identified as pathological, only as suspicious. Another

study using a larger 5 class system, 5 experts, and majority voting found that each

expert agreed with the majority in only 57% of traces [142]. A meta-review compar-

ing these results with studies from 1978-2010 found similar results when using other

guidelines [17]. To counteract this, electronic interpretation of FHR signals was sug-

gested, and modern guidelines from the ACOG and NICHD have been designed with

computerised interpretation in mind, as will be detailed in section 3.1.

As important as unifying interpretation is deciding whether the recommendations

in these guidelines correlate with fetal outcome. A study on the correlations between

the categories indicated by each aspect of the FIGO criteria and fetal acidosis (defined

as scalp pH≤ 7.20) showed a high sensitivity (95%) but low specificity (21%) [156] for

the baseline and deceleration features. This high sensitivity and low specificity agreed
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with findings from previous studies [163] which showed a much greater proportion of

adverse records (89%) being classified as pathological than healthy records (52%).

2.5 Alternatives/adjuncts to the CTG

2.5.1 Intermittent auscultation

IA involves listening to the fetal heartbeat using a stethoscope or hand-held Doppler

ultrasound held to the mother’s abdomen. It is recommended for primary assessment

of the fetus upon admission, at regular time intervals throughout the birth, and after a

contraction for the duration of low-risk pregnancies. The infrequent sampling and lack

of wired monitors causes minimal inconvenience to the mother, but neglects potential

trends and brief hypoxic events, driving the development of continuous monitoring

techniques for high-risk labours. The heart rate is estimated by medical staff, and is

typically taken with the maternal heart to avoid their confusion. As such training and

practice is required to effectively perform it.

2.5.2 STAN monitors

STAN (ST-ANalysis) monitors, produced by Neoventa Medical [126] compute prop-

erties of the ST interval of the fetal ECG waveform, using the same electrode as the

invasive CTG. Changes in the T-wave amplitude are caused by myocardial hypoxia

and anaerobic metabolism in the heart muscle [52], resulting in changes to the ST

interval. This effect was noted as early as the 1950’s, but it was believed to be too

variable and unreliable to be of use [75].

Several studies have been conducted into the efficacy of STAN monitors in dis-
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criminating fetal hypoxia demonstrated by its impact on clinical outcome measures.

A retrospective analysis of 563 traces by Kwee et al. [105] showed the presence of

ST-events in both normal and abnormal FHR traces, supporting theories that events

can also be caused by a surge of stress hormone in response to mild and compensated

hypoxia. Noren [135] investigated the impact of the introduction of STAN monitoring

to a Swedish hospital. Reported was a decrease in metabolic acidosis from 0.72% of

cases to 0.06% in conjunction with an increase of STAN usage from 26 to 69%, which

was associated with a decrease in the time between an adverse pattern being detected

and clinical intervention in the birth. This result must be taken with caution as no

control group was studied to take into account changes in medical practice and the in-

crease of operative delivery rates for fetal distress. A meta-analysis of controlled trials

[12] did not support the reduction in metabolic acidosis rates, but showed a decrease

in operative delivery rate for non-reassuring CTG traces.

2.5.3 Fetal pulse oximetry

Fetal pulse oximetry (FPO) is a newer technology that received FDA approval in 2000,

and that has showed promise as the first real-time measure of hypoxia. FPO uses a

disposable sensor positioned against the fetal scalp to measure oxygen saturation.

FPO has received poor uptake in the United States (US) where it was first intro-

duced [186] which may be due to poor performance, price of the disposable monitor,

and unreliable signal quality - only reliable 57% of the time during second stage labour

and 64.7% in first stage [186]. FPO has been shown to have a positive effect on opera-

tive delivery rate due to non-reassuring CTG traces with a 50% reduction [57], however

in this study the total number of operative deliveries remained the same, with an in-
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crease in operative deliveries for dystocia (a difficult fetal birth due to presentation

or otherwise) in the test group. A meta-analysis of 6 published trials covering 7654

births by East et al. [45] showed no change in fetal outcome when using CTG + FPO

against CTG alone. Whilst FPO correlates well with the systemic oxygen concentra-

tion, as explained in Section 2.3, a low systemic oxygen concentration may be due to

redirection of oxygenated blood to the central organs and brain; therefore it cannot

be taken as a direct measurement of cerebral perfusion and condition.

2.5.4 External electronic monitoring

Using a series of 5 electrodes placed in a circle on the maternal abdomen the Monica

AN24 Abdominal monitor is able to measure both the fetal electrocardiogram (ECG)

and the maternal ECG simultaneously from the electrical activity of the two hearts.

Additionally the uterine activity is derived from the electrohysterogram (EHG) of the

uterine muscles [120]. A small study of 74 patients showed an increased agreement

with the gold standard (invasive monitoring) in number of contractions successfully

detected per epoch and lower root mean square (RMS) error of the FHR estimate

when compared to external CTG monitors [83, 34].

Of particular note is the performance in second stage labour, with a 71.9% agree-

ment with the scalp electrode and a mean RMS error of 7.9 bpm against values of

61.7% and 16.1 bpm using Doppler ultrasound. By the second stage the cohort had

reduced in size to 42 subjects [150]. Recording the maternal heart rate removes arte-

facts on the fetal FHR graph due to detection of the maternal heart rate by plotting

both simultaneously. These artefacts were found to occur in 2.9% of Doppler record-

ings in the second stage of labour [150]. The device’s uptake has been limited, but it
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may find use in specific scenarios due to its increased effectiveness when monitoring

cases with high body mass index [150] where conventional CTG may struggle and in

offering greater comfort and mobility to the mother by removing the belt required to

keep the ultrasound probe aligned and the TOCO sensor pressed against the skin.

The AN24 is not the sole system conducting external ECG monitoring. The Merid-

ian system from Mindchild Medical (N.Andover, MA) performs a similar function

without the requirement of a separate preparation to ensure good skin contact and

has been approved by the FDA [1]. The system is also concerned with the accurate

extraction of the fetal STAN signal [119]. A trial of 32 women measured using both

external fetal ECG (fECG) and internal fECG acquired using a fetal scalp electrode

(FSE) found that the RMS error between the FHR calculated from external and inter-

nal measurements was 0.36 bpm. It was also found that 89.9% of 10 second segments

measured provided data of sufficient quality for ST calculation, compared with 91.2%

usable segments in the FSE [33].

2.5.5 Vibro-acoustic stimulation

Vibro-acoustic stimulation can be used to agitate the fetus, inducing an increased

heart rate due to fetal activity [197]. A response to stimulation is a positive indicator,

but no responsiveness to stimulation is not an indicator of distress. A review of the

method in 2005 [47] reported that no randomised controlled trials had been undertaken

to investigate the efficacy of vibro-acoustic stimulation as an adjunct to investigation

of a non-reassuring CTG, but that it is still used in practice.
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2.6 Summary

There is a need to improve the accuracy of IH identification, but also the timeliness

of diagnoses given the speed with which permanent injury can occur and the time

taken for intervention. The CTG has not been demonstrated to reduce any primary

outcome measures in practice. In the two most significant large scale meta-analyses it

was found to reduce neonatal seizures by 50% in one, and to increase operative delivery

for fetal distress in the other. However CTG monitoring is widely used and guidelines

developed for its interpretation have demonstrated high sensitivity to fetal pH. This

high sensitivity is supported by experimental work which describe correlations between

multiple features of the fetal FHR and hypoxic insults.

Of the proposed alternatives to support or replace the CTG, only the STAN monitor

has demonstrated a reduction in operative deliveries in a multi-centre trial. However

this requires invasive monitoring. The external fECG technologies being developed

in multiple independent locations are promising, with comparable data quality to the

internal measurements. FPO has not been well received due to difficulties in inserting

and positioning the probe. No modalities which measure the primary factor influencing

damage due to IH, MAP, have been proposed.

The low specificity, and lack of early detection mean the current CTG strategy is

insufficient. Research lately has focused on machine learning techniques which may

be able to identify pathological patterns more successfully than the current rule based

guidelines, and take advantage of large datasets which are being currently being col-

lected.
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Chapter 3

A Review of Classification Methods
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An essential part of clinical systems to aid decision making from CTG traces are

the methods used to identify at risk fetuses. In addition to the development of clinical

guidelines significant effort has been put into evaluating the performance of machine

learning techniques for CTG classification.

This Chapter reviews the techniques used to date over the entire process of clas-

sification. This includes a brief overview of feature extraction in Section 3.1, and se-

lection in Section 3.1.1. Classifiers previously applied to identification in CTG traces

are described in Section 3.2, alongside research into system identification processes.

These methods are summarized and compared in Section 3.6 along with a commentary

on classifier comparison. Finally commercial implementations of rule- and machine

learning-based systems are described in Section 3.3.

3.1 Feature extraction

Though individual data points may be used as classifier inputs it is practical to reduce

the dimensionality of time series data calculating features which represent the series.

Reducing the number of input parameters helps to prevent over fitting. As a general

rule it is recommended that classifiers have at least 10 samples per parameter, though

this can be pushed to 3 samples for each linear parameter and 10 for each non-linear

parameter.

To compensate for the non-stationary time-series features are typically calculated

over a short window of 10-20 minutes within which the signal be assumed to be

stationary. Several reviews in the literature include comprehensive lists of features

[159, 30, 55], and the feature sets used in this Thesis are listed in appendices A and

B. These features be broken up into several families:
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Morphological

Computerized CTG analysis began with the introduction of rule based identification

of morphological features, using the methods described in clinical guidelines. These in-

clude accelerations, contractions, decelerations, and other properties used to clinically

describe the CTG.

These normally cannot be calculated automatically as the methods described in

guidelines require the identification of several markers from which other features are

measured, such as the FHR baseline and the start and end points of transient events.

Algorithms based on signal processing have been developed for the identification of

contractions [62], decelerations and their associated overshoots and accelerations [60],

and have achieved performances matching the performance of an experienced clinician.

Machine learning techniques such as the Artificial Neural Network (ANN) have also

been used to identify and to classify features [9, 107, 187, 98]. Automatic methods are

advantageous as they are repeatable and consistent, and allow additional properties of

CTG events to be calculated such as the onset and recovery gradients of decelerations,

which are used extensively in the OCFMT featureset [61, 203] and also by Agrawal

[2].

Time domain features

These features include Long-term variation (LTV), which has already been clinically

defined but was difficult to use in practice and the STV, which can be defined and

calculated in multiple different ways [26]. Statistical properties of the CTG signals,

such as the mean of the FHR and skewness and kurtosis of histograms of FHR values

are included in this category [30] as well as measures such as the signal stability index
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(SSI) which is calculated from the peak value of the kernel density estimation of the

FHR signal.

The Oxford System (OxSys) utilises properties of an STV tracker, which is defined

as the mean difference between FHR values in a 1 minute window. The median of

this value gives the segment STV, with other properties measuring the stability of this

signal.

Frequency domain features and wavelets

Several low frequency bands of the CTG spectrum have been identified which relate

to physiological events. These bands are: maternal and fetal heart rate (0.75-1.5Hz),

maternal respiration (0.15-0.4Hz) and the responsive nervous system (0.04-0.15Hz)

[31]. A very low frequency component has also been observed (< 0.04Hz) influenced

by hormonal changes and thermoregulation. Other bands have been proposed which

identify the range 0.15-0.5Hz as induced by fetal movement and maternal respiration

[159]. These features have been compared directly with outcome measurements [184]

and have demonstrated sensitivity to fetal distress in intra-partum labour [31].

Wavelets have been suggested for multiple medical applications due to their abil-

ity to localise frequency information in time, and direct and statistical properties of

discrete wavelet coefficients have been used to successfully classify CTG data [65].

Non-linear features

The largest group of features is the non-linear features which have been demonstrated

as better discriminators than linear features alone [164]. These feature heavily in

automatic feature selection work conducted by Fulcher et al. [55] which have been

incorporated in the OxSys featureset. These can be further split into sub-groupings
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which are provided with examples:

• Fractal dimension measurements : one measure of complexity, which establishes

how detail in the signal changes with scale and can be estimated by multiple

methods such as the Higuchi dimension [99] or box-counting dimension.

• Compression measures : an estimate of both complexity and information con-

tent, these compare how simply signals can be represented, such as Lempel-Ziv

complexity [30], or compression size with commercial algorithms [37].

• Information measures : again measurements of both complexity and informa-

tion content, signal entropy measures have been developed for medical diagnosis

by estimating the predictability of time-series. The fundamental measures are

Sample entropy and approximate entropy [144, 50].

• Adult heart rate variability measures : these features have been developed and

tested for the detection of diseases in adult hearts. Examples include NN50, a

measurement of the number of beats differing by more than 50 ms in a window

[30] and parameters of the phase rectified signal averaging curves [58].

• Classifier outputs : the output of a previous classifier such as the Neural Index

[116], or the class assigned by a guideline such as the automatic implementation

of the ACOG index. The output of a sinusoidal pattern detector [149] and a

Support Vector Machine (SVM) classifier [203] form part of the of the OxSys

featureset.

• System identification parameters : The magnitude and delay of impulse response

functions (IRF) have been used by Warrick et al. [190].

• Emperical Mode Decomposition signal properties : Krupa et al. used the standard

deviation of the intrinsic mode functions of the FHR as features [104, 64].

34



Care must also be taken especially when comparing non-linear features found using

invasive methods with non-invasive methods, since the feature values have been shown

to significantly vary between the two methods [72].

STAN features

These include any properties of the fetal ST waveform collected using an ECG. Since

these features can only be included if the CTG is being collected using a scalp electrode

their use is typically restricted to commercial systems such as the SisPorto system [35].

3.1.1 Feature selection

Given the large number of features available a subset must be selected to fulfil their pur-

pose in reducing the complexity and dimensionality of classifier inputs. Features can

be selected based upon individual performance or correlation with the target outcome

[55] or a subset chosen which maximises retained information and minimises corre-

lation between features [177]. For example the unsupervised relative reduct (URR)

algorithm used by Inibari et al. iteratively removes features based on their relative

dependencies [80], a measure of feature correlation.

The most widely used method, Principal Component Analysis (PCA) transforms

a set of features into a new set of linearly uncorrelated features ordered such that the

first new feature, or principal component has the largest possible variance. The second

component has the largest possible variance in the space orthogonal to the first and so

on. The data can be fully reconstructed by selecting all principal components, but the

number of features can be reduced at a cost of losing some of the variance by selecting

only the first N most significant components. PCA is the simplest method to use,
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but has several shortcomings. The method assumes Gaussian distributions of data in

each dimension, though this can be compensated for by using a kernel method prior

to applying the transform.

The second major method for feature selection is the Genetic Algorithm (GA). In

the GA a population of candidate sets is established, each candidate being an 1×N

vector of 0’s and 1’s where N is the number of features being selected from, with the

values indicating if it has been selected or not. Each candidate is evaluated using

a fitness function which can be a direct classifier output [203] or a more complicated

regularising function [137, 204]. Using this fitness function the weakest candidates (low

fitness) are killed off, best performers, termed elites (highest fitness), are retained,

and a next generation is found by breeding surviving members (combining parts of

their genome vector) or by introducing mutations (randomly changing parts of their

genome).

This process is continued until some stopping criteria have been met, giving a

superior set of genes encoding which features should be selected. A similar approach

termed Genetic Programming (GP) has also been used to create strong features from

weaker ones by combining them using a grammar of mathematical operations [63].

Spilka et al. used the Relevance in Estimating Features (RELIEF) algorithm [166]

which stochastically ranked features based on cumulative distances from each class.

The Least Absolute Shrinkage and Selection Operator (LASSO) uses a regularisation

parameter to minimise the sum of weights in a regression model fitting the inputs to

the output. Small values for the regularisation parameter result in many weights being

0, effectively removing those parameters from consideration [204, 82].

Spilka et al. have also made use of the Group of Adaptive Models Evolution neural

network (GAME-NN) which automatically discovers optimal features. This method
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was combined with Information Gain (IG) and PCA using majority voting to form an

optimal feature set [164].

RELIEF or LASSO retain features in their original form, whilst PCA and GP create

new features, either through linear combinations or more complex transformations of

the original set. In cases where it is useful to know which original features were

used, or where it is useful to provide some insight into the impact of each feature

selection methods which retain the original features are recommended. Alternatively,

if the performance is the highest priority then non-feature-preserving methods may be

recommended as the information is often arranged in a more convenient and compact

manner.

Research on feature selection raises questions as to whether these studies should be

limited to features from one category [66, 164] or whether features should be ranked

individually [204, 30], and if so what measure should be used for their evaluation. This

is particularly relevant when investigating GA and ensemble methods. For example

when using linear classifiers as a fitness score for feature set optimisation the discovered

set is only the maximally linearly separable set. Conversely methods featuring highly

non-linear classifiers such as a Multi-layer Perceptron (MLP) are likely to be highly

biased to performance on that single classifier, therefore the discovered feature set may

not be assumed to be the optimal set for general use.

Feature selection should therefore be treated in a similar manner to parameter

selection, and performed using only training and validation data. This requirement is

not true of all results in the literature [137], which cannot then be compared to other

non-biased selection methods.
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3.2 Classification of the CTG

Once a suitable group of features has been selected these must be mapped onto class

decisions based upon training examples already seen, the role of a classifier. The output

depends on the type of classifier used and the number of target classes. Identification

of IH can be formulated as a binary problem with cases classified as either positive or

negative based on a threshold of the chosen outcome variable.

Alternatively this may be treated as an ordinal multi-class system typically follow-

ing the normal / suspicious / pathological or the category I/II/III boundaries set up

in either the FIGO or ACOG guidelines or according to clinical assessment [134, 35].

The training procedure and model parameters are briefly described for each classifier

observed in the literature below.

3.2.1 Adaboost

The Adaboost algorithm developed by Freund and Schapire [54] combines multiple

weak classifiers to form a single strong classifier. A weak classifier is defined as one

whose performance is only slightly better than random guesses. Commonly used ex-

amples of weak classifiers are linear discriminators and decision stumps.

Intuitively the algorithm forces each successive classifier to focus on the cases which

were misclassified by the previous classifiers by increasing their contributions to the

error term in successive iterations. This means each individually weak classifier spe-

cialises in performing well on different subsets of the data, specifically subsets which

are poorly classified by others.

Because of the emphasis given to misclassified results the method can be sensitive

to inaccuracy in targets in the training data. This is especially relevant to CTG
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classification, as outcome measurements are either subjective (clinical opinion, Apgar

score) or are subject to variation between individuals. To counteract noise in the target

variable the RobustBoost algorithm, also developed by Freund [53], can be used.

Spilka et al. [166] used boosted nearest mean classifiers to help evaluate the per-

formance of feature selection methods which identify and rank the importance of in-

dividual CTG features. The decision to use Adaboost is appropriate here, as a highly

non-linear, complex classifier would add to the already complex experimental method,

which used non-linear CTG features, Synthetic Minority Oversampling TEchnique

(SMOTE), and two rounds of cross validation to tune parameters and to evaluate

generalised performance. For the same reason the RELIEF algorithm was used to

estimate feature performance in a low dimensional space.

3.2.2 ANN

The ANN is composed of a network of nodes, with each node acting like a neuron; an

activation threshold must be reached for the node to ’fire’, producing an output. The

output of an individual is a weighted combination of the nodes in the previous layer,

passed through a non-linear transform function.

The shape of the network must be chosen to fit the problem. There are no re-

strictions on the shape, number of connections, or size of a network other than those

imposed by the amount of available training data and the cost of computation.

Maeda et al. [117] were one of the first groups use an ANN to classify traces as at

risk, suspicious or normal. They used clinically identified parameters taken at three

consecutive intervals. 20 cases of 50 minutes were used to extract 800 data vectors

and train the ANN. The selected network consisted of 30 input nodes, 40 nodes in a
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single hidden layer, and 3 output nodes. The network was tested on a set of 26 unseen

cases classifying 86% correctly. The use of an intermediate class helped in this respect,

with the majority of signals being classed here. This early study provides a positive

look at the potential of these systems despite the small dataset and large number of

parameters in the model.

Jezewski et al. [88] extend both the number of features used to 17 and the number

of individual cases to 189 patients, with a focus on the correlation between outcome

measures and CTG patterns. These outcome measures including birth weight, Apgar

score, umbilical arterial pH and BE, and clinician assessment. A high sensitivity for

distress was demonstrated by using a committee formed of networks trained to identify

each outcome measure and classifying a case as abnormal if one networks classified it

as abnormal.

Improvements to feature selection and network weight initialisation have been made

by combining the ANN with Grammatical Evolution (GE) algorithms and GA [178,

63]. The GE was used to select and small set of features made from combinations of

an initial set of 19 features, which were taken as the inputs to a 2 layer MLP with

between 5-10 hidden nodes. The weights of the nodes were initialised using a GA,

and then trained using a non-linear gradient descent algorithm. In both the cases of

the GA and the GE the ANN output classification performance was used as a fitness

function.

The method outperformed Linear and Quadratic and K-nearest neighbour (K-NN)

classifiers, using PCA for dimensionality reduction. However the impact of the GA ini-

tialisation and GE feature selection were not observed independently, so improvements

cannot be attributed to either method. Selecting for maximal accuracy may detriment

performance on other measures, and may only be used on a balanced dataset. Addi-
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tionally the use of SMOTE, to compensate for the low occurrence rate of adverse data

must be noted. Increasing the oversampling ratio increased the model accuracy and

geometric mean.

Georgieva et al. [61] used an ANN committee (ANNC) to classify FHR record-

ings on a database of 7568 cases, allowing a more definite abnormal pH of <7.1 to be

considered for the positive class. EVEREST (EVEnt Rate ESTimation) plots demon-

strated that the ANNC was a better estimator of low pH than clinical symptoms and

a single network.

Many variations of the ANN exist such as the Radial Basis Function (RBF) net-

work used by Jezewski et al. [88] which replace the activation functions of each neuron

with an RBF function. The Adaptive Neuro-Fuzzy Inference System (ANFIS) com-

bines fuzzy logic with multiple ANN’s in the work by Ocak and Ertunc [138]. The

Probabilistic neural network (PNN) is a type of feed-forward network which replaces

the hidden node layer with a pattern layer, each node in the pattern layer representing

a training sample.

3.2.3 HMM

The Hidden Markov Model (HMM) has been used extensively in the fields of automatic

speech recognition [93] and gene identification [102]. The structure of the HMM is

described by states, the probability of transitions between states, and the distribution

of output probabilities in each state. An example of a set of three states and their

associated transitions for two model types is shown in Figure 3.1.

Georgoulas et al. [69] applied the HMM to the classification of the CTG using

a database of 36 recordings, each of 20 minutes in length. Features were extracted
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(a) The ergodic, or fully connected
model

(b) The left-right, or Bakis model
with no state skips

Figure 3.1: Two sample configurations of a three state HMM, adapted from Rabiner
[147].

using a 5 minute window, overlapping at 1 minute intervals to give 16 time points. 12

features were used, including frequency and time domain features. Two HMM (one

each for the positive and negative case) were trained using the segmental K-means

algorithm using 4-fold cross validation with test cases assigned to the class of the

HMM that most likely generated them. Each model was a left-right model with no

state skips allowed. A maximum accuracy of 83% was attained using a model with 7

possible states. The size of the database is small relative to the number of parameters,

and the HMM performance was not compared with other methods, though the method

was successful in demonstrating separability of time-series from the two classes. Since

this model was not compared against single time step models the time-series cannot

be proven to contain any information additional to that captured in a single time step.
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3.2.4 RF

The Random Forest (RF) defined by Breiman [19] consists of a collection of decision

trees trained on bagged samples of the complete dataset. Decisions are made using a

majority vote of the individual trees.

Tomas et al. [177] compared RFs with a single decision tree and discriminant

analysis using a heuristically selected subset of 7 features. This methodology ignores

the innate feature importance investigation which can be conducted using the RF, by

investigating how the performance of each tree was affected by the inclusion of each

feature. In this instant RF outperformed the other methodologies with 93.7% overall

accuracy on a three class (normal / suspicious / pathological) problem.

Spilka et al. [165] used RF to classify records from the Czech Technical University

and University Hospital in Brno (CTU-UHB) database. 5 times 2-fold cross validation

was used to evaluate algorithm parameters, though the focus of the study was on the

methods used to measure label accuracy, and to combine the assessments of multiple

experts using latent class analysis rather than simple majority voting, which takes into

account both biases and the performance of each individual judge.

3.2.5 SVM

SVMs have received attention as widely used and simply implemented classifiers. The

SVM aims to find a hyperplane that maximises the distance between the plane and the

boundary to each class. The support vectors are the samples used to define the position

of the plane used in calculation - those which are closest to the decision boundary and

hence the most difficult to classify.

Georgoulas et al. [67] used an SVM with an RBF kernel to classify cases at risk
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of metabolic acidosis, defined by pH≤ 7.1, with not at risk cases defined as having

pH≥ 7.2 using a combination of time and frequency domain features. The SVM out-

performed a K-NN classifier, which is known to be inappropriate to classify unbalanced

data such as those used in this study. Wavelet features were previously classified using

an SVM in a second paper [66] but these results were not compared with the time and

frequency-spectra features.

Warrick [190] used an SVM to classify features of impulse response functions found

representing successive windows of CTG traces. The movement of IRF properties

was tracked on a 2-D plane with the SVM decision boundary overlaid to study the

progression of cases as labour progressed. Two features were selected to visualise the

progressions, delay, and gain, which are described in Section 5.4. The demonstrated

cases were found to begin in the healthy class, and move towards the adverse class

as birth approached agreeing with the implication that cases enter labour in good

condition but were compromised by events during intrapartum labour.

3.3 Commercially available systems

Some of the methods above have been incorporated into monitoring devices to include

some decision support software. As noted in Section 3.1 many clinical features have

been successfully identified, allowing rule based guidelines to be implemented. The

most successful example of a decision support system is the System8000 [39] which

has been trialled in a clinical setting and is currently used to identify difficulties in

antepartum labour.

However identification of abnormality in the antepartum period is regarded as the

simpler task; both fetus and mother exist in a steady state without the stresses of
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birth, signal quality is high and the expected response is well understood, thus any

abnormality identified can be treated as suspicious. Indeed there are many similar-

ities between identification in the intrapartum and antepartum periods, hence many

techniques are expected to be consistent with both. However, no intrapartum labour

decision system is widely used, though clinical trials of some are being conducted. The

major currently available automatic CTG analysis solutions are described below.

SisPorto system

The SisPorto3.5 system is a hybrid method to monitor both ante- and intrapartum

labour, developed in the University of Porto [161] and produced commercially by

Speculum, Lisbon, Portugal [162]. The system uses classic CTG inputs and has the

capability also to include STAN events, along with software to display and automati-

cally identify and to alert staff to medical events such as prolonged decelerations. The

software uses a 5-class system of alerts to classify signals, all associated with quantifi-

able clinical definitions (tachycardia, repetitive decelerations) and cut-off values.

The system first identifies morphological parameters based on the FIGO guide-

lines for FHR interpretation with a high level of accuracy [9, 10]. Similar to guide-

lines, classification is based upon features crossing threshold values. The number

and types of features are extended, including features such as reduced variability and

prolonged decelerations. Alarms are given following recommended practice, no alert,

non-reassuring, very non-reassuring, and pre terminal, the last two categories sounding

alerts for immediate attention.

SisPorto has been tested also in conjunction with STAN monitoring. A retro-

spective study of 148 consecutive cases was conducted to investigate the efficacy of

including ST events in detecting acidemia, defined as pH<7.05 [35], and was shown
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to increase the specificity of the system. A retrospective study of 104 cases assessed

whether access to the SisPorto 3.5 increased the accuracy and reproducibility of clin-

ician’s predictions of acidemia and 5-min Apgar scores [36] versus a control group of

100 cases without access to computerised monitoring. The small number of cases in-

volved only 3 adverse incidents, meaning that none of the results could be considered

statistically significant, but demonstrated slight improvements in both measures with

inter-observer agreement (measured using intraclass correlation coefficient) on umbili-

cal arterial pH increasing from 0.43 to 0.7, and the percentage of pH estimates accurate

to within pH±0.10 was 70% in the test group and 46% in the control group.

A multicentre randomised controlled trial was established in 2010 among five UK

hospitals to primarily measure pH and base deficit, with secondary measure defined

as scores, HIE, neonatal unit admission and medical treatment decisions and FHR

signal details. The study aimed to recruit 8133 women, and eventually recruited

7730 [136]. The study found an incidence rate of metabolic acidosis of 0.4% in the

experimental subset and 0.58% in the control subset, and no differences in Caesarean

rates or instrumental deliveries was noted. The incidence rates of the primary outcome

were too rare, however for any results to be claimed as statistically significant.

Sonicaid FetalCare

The only CE marked system in Europe is the Sonicaid FetalCare [141], based on the

System 8000, developed in Oxford [39]. First, morphological features are extracted

from the signal. The FetalCare system then uses a number of criteria to measure

normality and to minimise the duration of monitoring, called the Dawes/Redman

criteria, which are based on absolute values of morphological features of the CTG.

Unique to the system is a measure to quantify when enough data have been collected
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to classify the fetal CTG as re-assuring. The system has been clinically validated and

has found widespread use in hospitals. However this system is used only in diagnostic

ante-partum tests, not to monitor intrapartum labour.

PeriCALM

PeriCALM is a perinatal decision support system developed by researchers at the

University of Toronto and commercially under LMS Medical Systems, Ltd. before a

merger with PeriGen in 2009. The software records CTG traces and adds automatic

annotations to them indicating unusual events and clinical feature estimates and high-

lighting events. Patterns are identified in accordance with the NICHD guidelines to

categorize traces, and an interface for the management of suspicious (Category II)

traces has been developed [32] and is provided along with the system.

The output of the system was compared with the output of 5 clinical experts

on 769 8-minute segments using the NICHD 5-tier system. The agreement of the

computer system with the clinicians was not statistically different from the agreement

between the clinicians themselves, who achieved weighted kappa scores between 0.48-

0.68, the automatic system scoring 0.52 [142]. Further validation was performed in

2013 [196] when three experts scored the assessments using the PeriCALM software as

correctly identified or not. Over 2049 segments in 100 tracing variability, baseline, and

acceleration agreement with clinicians was >99%, and 97% for decelerations. This

study comes with the initial bias that examiners were presented with the system’s

results and then asked to judge whether they agreed with them, creating an artificially

high proportion of agreement.

PeriGen have focused on developing a system for medical implementation, to de-

liver objective assessments, with the intention to reduce litigation costs and simplify
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healthcare delivery. As such the focus has been towards care delivery, including shoul-

der dystocia and oxytocin administration, and not comparisons with fetal outcome

such as pH. The system has been implemented in hospitals across America [143].

INFANT system

The INFANT (Intelligent Fetal AssessmeNT) system was developed in Plymouth Hos-

pitals Perinatal Research Group, and has now moved under K2 medical systems [95].

The system was granted a CE Mark in 2009. INFANT categorizes CTG traces into

one of four categories, raising alarms in the higher two categories. The system is a

development on the original proposal [97] which used neural networks and numerical

algorithms to classify important features of the signal into statements, for example

’baseline = 140bpm’ becomes ’baseline normal’. An inference engine with a knowledge

base represented by a series of logical rules is used to display the information and its

interpretation to the clinician, recommending action to be taken. The system was

assessed retrospectively on a small sample of 50 patients. These were evaluated by 17

experts and the system on two occasions, separated by at least a month [76]. The sys-

tem did not recommend intervention in patients delivered with cord arterial pH>7.15,

and in 11 of 12 cases delivered with pH<7.05, agreeing with at least 15 experts in each

case.

A multi-centre randomised controlled study of 46,000 women is now being con-

ducted to investigate the effect of the INFANT system in supporting decision making

in labour [20]. The primary outcome studied is mortality and significant morbidity,

with length of hospital stay and health service utilisation as secondary measures. 7000

patients will be randomly selected for follow up information 2 years after the study

to investigate long-term outcomes, an important measure. This will provide one of
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the largest databases available, and the inclusion of follow up outcome will be very

important in the assessment.

To date 47,154’ patients information has been collected and the study was com-

pleted in August 2013, though the study has since been extended until February 2016

[180], and no results have yet been publicly reported.

Maeda system

The approach taken by the Maeda system [118] begins with the same method as the

previous systems of using algorithms to determine morphological parameters. The

system then introduces two additional components. The first is an FHR score deter-

mined by points assigned to non-reassuring features found using the morphological,

detected in 5 minute intervals. The fetal distress index (FDI) is introduced; a cumu-

lative variable which counts consecutive FHR scores. 1 point was added to the FDI

for an FHR score of 10-19, 2 for 20+, and various amounts for certain patterns such

as severe bradycardia. In a supporting paper the FDI score was shown to correlate

with the 1-minute Apgar score at birth [116]. The second addition is an ANN used to

classify signals objectively as normal, intermediate or pathological. The ANN output

class probability was termed the Neural Index (NI), for which a cumulative sum was

also provided, updated every 5 minutes. A positive NI was found to correlate with

normal outcome, and cases observed with a highly negative NI had severe acidosis.

The system was tested clinically from 1994-2011 in the Seirei-Mikatahara Hospital

[118], and was shown to significantly reduce the number of perinatal deaths, although

the degree of significance is not reported. There was also no change in the incidence

of low Apgar score, although uptake of the comprehensive systems was not reported

or discussed.
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3.4 SI Models of the CTG

Though not classifiers themselves it is useful to consider the potential of models of the

CTG signal in feature extraction and classification.

3.4.1 Physiological models

Physiological models offer an advantage over the traditional black box approaches as

their internal values have a physiological meaning, the behaviour of which can be

validated against current knowledge.

Models require accurate parameter values and a knowledge of the interactions be-

tween model components. The physiology of the maternal-fetal circulatory system, ex-

plained in Chapter 2, Section 2.2 has been modelled using an electrical circuit analogue

of cardiovascular hemodynamics [182]. In the electrical circuit model the resistance,

inductance, and capacitance values represent vessel resistance to flow, flow inertia, and

compliance - the elastic ability of the vessel to expand and contract - respectively.

This model was used to successfully replicate early deceleration signals, and a more

developed version [181] used to demonstrate replication of late decelerations induced

by hypoxaemia. Couto et al. [38] used a simpler circuit analogue to the maternal-fetal

circulation to simulate oxygen delivery to the fetus [38]. The model accounts for de-

livery through the placental membrane, and the uterine pressure dependent resistance

to blood flow through the umbilical vessels.

Models of human fetal physiology cannot be validated with experimental data, how-

ever data are available for animal models which have been used for partial validation

of aspects of each of the mentioned methods.

To the authors knowledge no example of a comparison between the output of a
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physiological model provided with a true UA input and the true FHR recorded has

been found in the literature.

3.4.2 Data driven models

Data driven models attempt to replicate observed signals by creating models which

replicate the observed output when given a particular input. The simplest of these

models are discrete linear time invariant models - their parameters do not change over

time. These can be split into two groups, transfer functions which represent the output

at some linear combination of historic inputs and outputs; and state space systems

which introduce an additional vector to represent the state of the system and hence

the future dynamics [111].

Jongsma and Nijhuis used the parameters of an autoregressive-moving average

(ARMA) model to identify fetal behavioural states [90]. The FHR signal was split into

3-minute segments and a model with 2 autoregressive and 1 moving average parameter

was calculated. The parameters of this model were used as the features of a linear

discriminant classifier, which agreed with a clinical observer in 85% of cases.

Warrick et al. created a three part model of the observed FHR signal during

labour, which included a stable baseline output, an autoregressive (AR) model of

FHR variability and an IRF model of UA-FHR interactions [190].

The discovered values of IRF coefficients in the model have been investigated for

signs of differentiation between fetuses with and without high base deficit. This in-

cludes tracking the development of features throughout labour in conjunction with

a decision surface created using an SVM. Selected positive cases were observed to

progress from the negative region into the positive region of the decision surface as
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labour approached completion [190].

A similar approach has been used to model interaction between the UA and FHR

variability by creating a new set of input signals corresponding to the instantaneous

power in three frequency bands [188]. Each case was split into 20 minute windows, and

a state-space model used to represent the interactions between the UA signal and each

of these three frequency bands. The parameters of the IRF discovered in each window

were then recorded. Cases with metabolic acidemia showed a shorter IRF delay up

to 90 minutes before partum, though not enough data were available to statistically

validate this difference in most windows.

This work was influenced by Romano et al. [153], who looked at variations in

the power spectrum of the FHR signal in response to the UA signal. In the event

of contractions the FHR demonstrated a significant response in the power in two

frequency bands, 0.2-1Hz and 0.03-0.2Hz, which both persisted for roughly 60 seconds

beyond the contraction, but no effort was made to identify evidence of hypoxia in the

signal.

3.5 Comparison of classification results

To highlight the range and combinations of the methods possible in CTG analysis

examples are presented in Table 3.1. The works are arranged alphabetically by author,

listing the feature sets, dimension reduction, classifiers tested, experimental method

and results recorded. Acronyms used in this Table alone are explained and listed

below:

1. Outcome measure: The target variable for classification. AP = Apgar test

(any timespan), BW = birth weight, BE/D = base excess or base deficit, CA =
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clinical assessment, pH = post-partum blood pH value.

2. Feature types: Divided according to the feature types listed in Section 3.1.

M - Morphological, T - Time domain, F - Frequency domain or Wavelets, N -

Non-linear features, S - ST-analysis features.

3. Feature reduction: As listed in Section 3.1.1 with the inclusion of: H - heuristic

selection.

4. Classifier: The classifiers evaluated as listed in Section 3.2. Other classifiers

not already listed: DA = Discriminant analysis, LR = Logistic regression, NB

= Naive Bayes, NM = Nearest mean, RB = heuristically derived rule-based

classification.

5. Experimental method: The process used evaluate classification performance,

including the number of folds the data were divided into and the method used

to create divisions. CV = cross validation, RA = random fold assignment, ST

= single test, performance was measured on a single test set not involved in

model selection or training. CT = model was evaluated in a clinical setting. If

oversampling is used it is included: SMOTE = synthetic minority oversampling

technique, detailed in Chapter 4, Section 4.3.
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Looking through the wealth of research conducted in this field in Table 3.1 several

patterns arise. The first is the rise in the variety of classifier constructions and ex-

perimental methods which have been examined since the release of two open source

databases from CTU-UHB and the University of California, Irvine (UCI). A second,

more problematic, pattern in the literature is the difficulty in directly comparing clas-

sifiers due to the lack of benchmarking tests and established experimental procedures.

These effects can be demonstrated in the results presented in literature, and when

taken together mean little useful information is being provided in many studies. With

a single database research results should be comparable (excluding distinctions made

between 2-class and 3-class problems). The methods of Tomas [177] and Yilmaz [206]

who both used the UCI database and a 3-class outcome based on the majority voted

clinical assessment are compared. Taking just the overall accuracy these results demon-

strate 93.7% correct class using RF, and 91.62% correct using a SVM, which implies

the SVM is the superior method. However a different experimental method was chosen

in each case (10-fold cross validation vs single repeat 50% training 50% testing), and a

different parameter optimisation method (Particle Swarm vs Experimentation). The

larger training sets in 10-fold CV and the more granular global optimisation achieved

using the particle swarm will both improve the expected performance of any classifier,

invalidating the implication that one method is superior.

Sahin et al. [154] compared multiple methods using the same UCI database in-

cluding the RF and SVM, but reposed the task as a 2-class problem by removing

data corresponding to the suspicious label. They found RF as the better performer

(accuracy 99.18% vs 98.96% for the SVM) of the two methods. This result can be

compared to the result found by Ocak [137] who found, using an SVM with GA fea-

ture selection and experimentally selected model parameters, an accuracy of 99.36%,
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which outperforms the previous 2-class RF result found by Sahin et al.

When Xu et al. [203] compared an SVM optimised with a genetic algorithm against

RF using the OCFMT database the SVM was demonstrated as the higher performer

(73.58% accuracy, kappa = 0.47 vs 72.64%, kappa = 0.45), however no details were

provided on the training method or parameter selection process for the RF so any

comparison between the two is impossible.

From these three experiments comparing SVM and RF classifiers, the only demon-

strable results are that an SVM with one certain configuration of parameters and

features selected using GA outperforms one configuration of RF on one task, and that

a single configuration of RF outperforms a single SVM on a second task. Without

detailed information on the selection of parameters used and the method of their im-

plementation, results are unrepeatable and little information is obtained which can be

used in future research.

Three proposals are suggested to increase the reproducibility and comparability of

results. These are the selection of the correct outcome measurement, the modification

of individual experimental features, and the correct selection of process complexity

given the amount of available data.

Selection of an outcome measurement

Results are reported as either confusion matrices, statistical values (accuracy, sensi-

tivity, specificity), F-Measures, Cohen’s Kappa statistics, the Geometric mean, or the

Area Under the Receiver-Operator Curve (AUC). Accuracy suffers in the context of

heavily imbalanced datasets. In the OCFMT database only 0.82% of cases are posi-

tive with pH < 7.0, meaning 99.18% accuracy could be attained by assigning all cases

as negative. Methods such as the geometric mean of the sensitivity and specificity
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only partially account for this effect. ROC curves, whilst informative on relative clas-

sifier performance, are limited to binary classifiers which output a continuous class

estimation without substantial modification to the original method and the classifier.

Confusion matrices are also useful measures of classifier performance especially

when comparing multi-class problems as they directly output decisions made by the

classifier. Cohen’s Kappa is recommended as a measure of agreement which compen-

sates for class imbalance by including an estimate of the probability of misclassification

by chance:

κ =
po − pe
1− pe

where po is the observed accuracy and pe is the probability of agreement by chance.

For two experts A and B pe = p(A = 1) × p(B = 1) + p(A = 0) × p(B = 0). In

practice greater emphasis is placed on correct identification of the positive class due

to the relative cost of misclassification of positive cases (risk of death or morbidity)

than negative cases (unnecessary intervention), so the f-score is also an appropriate

measurement of performance:

f = 2
sens× ppv
sens+ ppv

.

The recommendation is that reported results include at least the raw decisions either

a confusion matrix or sensitivity specificity table along with Cohen’s Kappa values

for single experiments. When reporting the results of cross-validation experiments

confusion matrices are impractical, hence at least the mean statistical values, Kappa,

and F-measure should be reported. Related to the reporting of outcome is the selection

of an outcome measurement. Jezewski et al. [88] showed that classifier performance

is affected by the choice of outcome measure when using an ANN. This effect was
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also demonstrated in Chapter 5 when individual CTG features are discovered to be

sensitive to different outcome measures.

Experimental effect control

A second concern is the variation of multiple experimental parameters together, mask-

ing the individual efficacy of each variable. This occurs both within studies such as

[137] where both classification method and parameter selection method are varied,

and between studies such as [170] and [177] where classifier, parameter, and feature

selection methods varied. Though other works are frequently cited in each work, there

is no effort to replicate previous results and to then demonstrate new methodologies

in the context of historical works.

In Table 3.1 previous classifications of the CTG are listed, demonstrating the num-

ber of available options for each of the possible parameters (feature selection, dimension

reduction, classification, experimental method) and the datasets used to test the per-

formance of these. Despite the huge range of methods which have been trialled no

consensus has been reached as to optimal methods, and there has been little effort to

replicate results observed by others.

Model complexity

A third concern is with the balance between the small amount of data available and

the complexity of generated models. Ocak [138] provides an example of this when

comparing an ANFIS against a traditional ANN using again the UCI database. The

ANN used comprised of 21 nodes on an input layer, 5 and 3 nodes in 2 hidden layers,

and a single output, giving 132 parameters to estimate. The ANFIS featured 13

decision rules and 21 inputs totalling 832 parameters. Under the chosen experimental
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scheme the training and testing sets each consisted of only 88 positive samples against

828 negative samples, meaning nearly 10 times as many parameters were used as

positive samples.

The large number of parameters brings about two problems. The first is that care

must be taken to avoid over-fitting, the second is that the complexity of the ANN

model is much lower than the ANFIS, so it is expected to perform less well in this

specific scenario. The paper is commended for including a detailed description of the

experimental method, the models used and their implementation, but does not provide

strong evidence that the ANFIS will consistently outperform the ANN.

The purpose of this research has been to investigate possible methods to identify

at-risk fetuses using automated methods, therefore some consensus must be eventually

reached. At the same time the ”no free lunch theory” for classifiers must be considered,

which states that there is no universal ideal classifier [201], even in related fields.

3.6 Summary

The advent of clinical guidelines and computerized identification of features is a major

step in providing an objective system for identifying at risk patterns. The number of

features which can be extracted from the signal is constantly growing, and there is a

lot of room to explore their significance and relations to the physiological status of the

fetus. Multiple optimised sets of features have been presented in the the literature, as

well as methods for selecting an optimal set in practice.

Intelligent monitoring systems have been commercially implemented, and have

demonstrated an increase in the accuracy and reproducibility of clinician assessment.

These systems are based upon clinical features, with further work remaining to com-
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bine these with features and decisions from the classification research.

There also exist a large number of classification algorithms which have been im-

plemented in CTG classification, a number which has grown significantly with the

recent release of two open source databases. Despite this surge in research interest

little progress has been made settling on an optimal solution to CTG classification.

This Thesis intends to provide insight into the relative performance of classifiers

which have demonstrated potential as strong classifiers of CTG records without the

potential biases of feature selection, data imbalance or model optimisation. Secondly

this Thesis will explore the potential of data-driven models of the the CTG and the

work by Warrick et al. to potentially provide insight on the mechanisms of fetal distress

during labour and to improve classification performance.
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Chapter 4

An Empirical Comparison of

Classifiers
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In this Chapter three experiments are performed to assess the performance of

classifiers which have been suggested in the literature or proposed as appropriate for

CTG classification. The data used in these experiments are described in Section 4.1.

Each of the stationary (single time point) classifiers used are described in Section 4.2.

The optimal training/test data ratio is assessed in Section 4.3. Individual station-

ary classifiers are compared in Section 4.4. Finally in Section 4.5 the implementation

and evaluation of a non-stationary classifier, the HMM, is described.

4.1 Databases

The Oxford Centre for Fetal Monitoring Technology database

The OCFMT database is uniquely large, consisting of 107,614 deliveries at the John

Radcliffe hospital between 20 April 1993 - 28 February 2008. Of these records 70,990

were eliminated due to incomplete data, non-labour CS, or coming from a multiple

pregnancy. 29,056 were eliminated due to poor data quality, defined as ending > 1

minute from birth, having < 30 minutes of stage 2 labour recorded, or insufficient

signal quality. This left 7,568 cases in total.

Each case included FHR and UA signals at 4Hz and 0.5Hz respectively, clinical

information about the patient as listed in table 4.1, umbilical arterial pH at birth, and

a clinician’s assessment of compromise graded from 0-3 as defined in table 4.2.

The data were pre-processed using the OxSys algorithms [62, 60]. Autocorrelation

and maternal vessel artefacts identified following the Dawes heuristic; abrupt tempo-

rary increases in the FHR (> 35bpm for < 12 seconds) and decreases (> 50bpm for

< 30 seconds); were removed.

For feature detection the FHR signals were then downsampled to 0.25Hz using a
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Table 4.1: The clinical features provided with each case in the OCFMT database

Clinical features Range

Gestation (weeks) 37-42
Maternal temperature (◦C) 35-40
Parity 0-9
Meconium staining -1,0,1 (clear,other,thick)
Epidural 0,1 (yes,no)
Sex 0,1 (male,female)

stepped averaging filter. The FHR baseline is assigned using the Open-Close-Smooth

algorithm developed by Cazares et al. [23] and subtracted from the FHR signal.

Decelerations are identified first. The FHR is smoothened using an opening filter of

length 3 (12 seconds) and decelerations then identified as segments which remain below

a threshold of -8bpm for at least 16 seconds [60]. Accelerations are identified using a

similar rule based filter in the regions not occupied by decelerations. Contractions are

identified separately using a second morphological algorithm [62].

Cases were then segmented using a 15 minute windows sliding at 5 minute intervals.

In each window the 64 features listed in Appendix A are calculated using the features

identified in the previous step.

The data were used to create three overlapping databases.

• Extreme Dataset - OCFMT-E is a balanced dataset of 124 cases divided into

two classes. The adverse class contains all 62 cases with arterial pH< 7.1 and

severe compromise. The healthy contained 62 cases selected randomly from the

959 cases with 7.27 < pH < 7.33 and no signs of compromise.

• Marginal Dataset - OCFMT-M is a balanced set of 376 cases - all 188 cases

with pH< 7.1 and mild, moderate, or severe compromise again matched with

188 cases randomly selected from the healthy set defined by 7.21 < pH < 7.33
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and no compromise. The marginal dataset included all cases from the extreme

dataset.

• Main Dataset - OCFMT Contains all 7,568 cases available.

The Czech Technical University and University Hospital in Brno database

The CTU-UHB database is available online as part of the Physionet project [71].

It contains 552 records selected from 9,164 collected between 2010 and 2012 at the

University Hospital in Brno using either internal or external measurements [29]. Each

selected case had to conform to the following criteria:

• Singleton pregnancy.

• Gestational age > 36 weeks.

• Length of stage 2 labour ≤ 30 minutes.

• In any given 30 minute window, at least 50% of the FHR signal was present.

• No known developmental defects.

Each record was sampled at 4Hz, and was at most 90 minutes long. 46 cases

were delivered by CS; the remainder being vaginal deliveries. In addition to the CTG

signal multiple outcome measures were provided, with the outcomes used in this Thesis

highlighted:

• Cord gas measurements - pH, BD, BE, and concentration of CO2.

• Clinical assessment - Apgar Scores at 1 and 5 minutes.
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Table 4.2: Definitions of compromise levels provided as one of the outcome measures
in the OCFMT database

Compromise Level Definition

3 - Severe Neonatal death or cerebral dysfunction (including
seizures & haemorrhage

2 - Moderate Low Apgar score (<4 at 1 minute) and/or cardiac mas-
sage and/or intubation

1 - Mild Resuscitation using a face mask
0 - None None of the above

Clinical information including maternal risk factors, available fetal measurements

at birth, and information concerning the delivery was also provided.

To extract windowed features from the CTU-UHB database the UA signal was

initially down sampled to 0.25Hz using a stepped averaging filter. The same pre-

processing techniques and algorithms which prepared the OCFMT database were then

used to extract 64 features in 5 minute moving windows of length 15 minutes [202].

The University of California, Irvine database

The UCI dataset contains 2,126 recordings, with pre-processing and feature extrac-

tion completed. 21 features were provided including morphological, time-domain, and

statistical time-domain features which are listed in Appendix B. A marker identifying

one of 10 clinical patterns labelled by a consensus of experts was also included, but is

not used in this Thesis.

Each record included a 3-class fetal state assessment made by majority consensus

of three experts following the guidelines set out by FIGO and the NICHD. Of the 2126

samples 1,655 were identified as normal, 295 suspicious, 176 pathologic. The database

is available online [109] and details of the dataset preprocessing, filtering, and feature

extraction are described in related literature [9].

66



4.2 Classifiers evaluated

Six classifiers were selected for comparison, four based on models which had been pre-

viously evaluated in the literature (Adaboost (AB), ANN, RF, SVM). Two additional

classifiers were included, the Relevance Vector Machine (RVM) and the BANN.

The implementation of each model is described below, as well as any preliminary

investigations to establish model parameter importance and default parameter values

conducted using the OCFMT database.

Hyperparameter optimisation

In each experiment conducted, select model parameters were optimised using either

grid search where computationally viable or the Pattern Search algorithm in the Mat-

lab Global Optimization Toolbox (Version 3.3, Mathworks inc.).

4.2.1 AdaBoost

The Adaboost algorithm developed by Freund and Schapire [54] is a meta-algorithm

which combines multiple weak classifiers to form a single strong classifier. A weak

classifier is defined as one whose performance is only slightly better than random

guesses. Intuitively the algorithm builds a strong classifier by forcing each successive

classifier to focus on the cases which were misclassified by the previous classifiers. The

final class decision for an individual case, x, is a weighted sum of N weak classifiers,

h(n):

h(xm) =
N∑
n=1

αnh(n)(xm)

where αn is the weight on classifier n. The algorithm to train this strong classifier, h,

composed of N weak classifiers using dataset X = [x1, . . . ,xM] is run as follows:
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Initialise a set of weights w(0) = w1, . . . , wM , where wm is the cost of misclassifying

sample m. The superscript denotes which iteration of the method the weights belong

to, and is initially 0. Each weight is initially set to 1/M so that they sum to unity.

For weak classifier n = 1, . . . N

1. Train classifier h(n) to minimise the weighted error function. A new parameter

y is introduced to simplify this calculation where:

ym =


1 if h(n)(xm) = tm

0 otherwise

with tm the target output and xm the input for case m. The weighted error

equation then becomes:

ε(n) =
M∑
i=1

w(n)
m (ym)

2. This individual classifier is then given a coefficient:

α(n) =
1

2
ln

(
1− ε(n)

ε(n)

)

3. Misclassification weights are reassigned so that correctly classified points lose

importance, the first term, and misclassified points gain importance, the second

term, whilst maintaining the condition that they sum to 1:

w(n+1)
m = ym

(
w

(n)
m

2ε(n)

)
+ (1− ym)

(
w

(n)
m

2(1− ε(n)
)

)

Repeat from step 1 with the updated sample weights until N classifiers have been

trained.
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Implementation

The Adaboost algorithm was implemented using Matlab (R2014a) and the statistics

and machine learning toolbox (Version 9.0. The MathWorks Inc., Natick, MA, 2015).

AdaBoost is susceptible to label noise, a factor which is relevant in CTG classification

as cord gas measurements are not reliable, and several outcome measures are subjec-

tively assessed. To counteract this the robust boosting algorithm is used [53]. As

mislabelled cases represent large absolute errors (they may behave strongly like their

true class and will be classified as such) the margin term which the method attempts

to minimize will be dominated by these cases. The robust algorithm replaces thes

exponential margin function used with a sigmoid, which mitigates the contribution of

incorrectly labelled samples.

This however introduces an additional tunable parameter, the target misclassifica-

tion rate, pmc, in addition to the number of weak classifiers to train. Default values

were estimated using the OCFMT-E database in Figure 4.1 to maximise the 10-fold

cross validation rate using two independent grid searches. The number of model clas-

sifiers was varied from 1 to 120, and the target misclassification proportion between

0 and 0.25. The classifier numbers were assessed first, with pmc set to 0.1. A default

value of 80 was selected. The target misclassification rate was then varied across the

target range in increments of 0.025 with the number of classifiers set to 80. The default

misclassification rate was set to pmc = 0.1, which maximised the validation accuracy.

4.2.2 ANN

The ANN is composed of a network of nodes, with each node acting like a neuron. The

output of an individual node is a weighted linear combination of nodes in the previous
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Figure 4.1: Default parameters for an AdaBoost model are created by investigating the
classifier performance (defined as the proportion of cases correctly classified) on the
OCFMT-E database using 10-fold cross validation. The performance did not increase
beyond 80 classifiers, which is selected as the default value. The best performance was
achieved with a robust error goal of 0.1.

layer, passed through a non-linear transfer function, shown in Figure 4.2. By arranging

the nodes in layers, higher level representations of information can be learned. The

first layer is known as the input layer, with each node representing a single feature.

Nodes in the final layer are termed output nodes, and are restricted to the range [0, 1]

using a logistic sigmoid function, representing the probability of class membership.

Layers in between are described as hidden layers as their inputs and outputs are not

observed outside of the network.

The total input to each individual node is the weighted sum of the outputs from

the previous layer x. Each input zi coming from source i to node j has its own weight,

wij, therefore the contribution from node i, aj is ziwij. The bias weight b, shown in

black in Figure 4.3, is included as its own node with output 1 and weight bj equal to

the bias on node j. The total is termed the activation:

a =
I∑
i=1

wijzi + bj
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Figure 4.2: A depiction of the input/output mapping of a single node. A series of
outputs are received from the previous layer, along with a bias, which are summed to
give the activation, a. This activation is then transformed through the chosen function
(tanh is depicted here) to produce the output of the node, z.

The output from each node, z, is a function of the activation:

zk = g(aj)

To optimise the weights of the connections between nodes and the biases networks

are trained using the back-propagation algorithm. In the sample 2-layer network shown

in Figure 4.3 the output at node k for case n can be found by forward propagating the

features xn through the network:

yk = h

(
J∑
j=0

wkjg

(
I∑
i=0

wjixn

))

where h represents the logistic sigmoid function, i = (1...I) represents the first layer

of I inputs, j = (1...J) the second layer of J nodes and k = (1...K) the final layer of

nodes. wij represents the weight connecting nodes i and j.
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The model error is represented using the cross-entropy error function:

E = −
∑
k

(tklnyk + (1− tk)ln(1− yk))

where t is the target output value. Model weights are adjusted to minimise the error

using gradient descent. To find the error gradient at a given node the error is prop-

agated backwards through the network. For weight wij in the example network in

Figure 4.3 this process begins by defining the gradient of the error with respect to the

output. Using the chain rule and the gradient of the output, yk with respect to the

output node activation ak the error at node k, δk, is defined as:

δk =
∂E

∂ak

= yk − tk

The error at node j is found by summing the contributions of the errors at each node

it feeds, in this case all nodes in output layer K. First the sum of the contribution

from the outputs is found:

∂E

∂zj
=
∑
k

∂E

∂ak

∂ak
∂zj

=
∑
k

δkwjk

The error at node j is found by propagating the error through the nodes activation
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function

δj =
∂E

∂aj

=
∂E

∂zj

∂zj
∂aj

= g′(aj)
∑
k

δkwjk

The gradient of the error with respect to weight wij can then be defined in terms of

this new error at node j in the same manner as the previous layer:

∂E

∂wij
= δjzj

where zj represents the input from node j. As this method relies on gradient descent

it will converge to the nearest local minima. This can be overcome to some degree by

including a momentum term, which is applied to change weights in conjunction with

the learning rate and can carry the search out of a small minima. This method is

also dependent on the initial model weights, therefore multiple optima may be found

through repeated random initialisation and training steps.

Implementation

The ANN offers a great selection in model parameters. The number of layers, nodes in

each layer, and activation functions in each layer must be selected. Parameter training

is an iterative process, and the parameters of the training algorithm must also be set.

These include the learning rate, L, the stopping criteria, and the maximum number

of training cycles performed. The ANN were trained using the Netlab package for

Matlab [124] using the scaled-conjugate gradient descent algorithm. This local opti-
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Figure 4.3: A two layer network, with one node in each layer highlighted and annotated.
Bias weights are shown as black nodes, ordinary nodes are shown in white. The node
outputs, z and activations, a, are shown at either end of the connecting lines, with
connection weights positioned in the centre of each connecting line.

miser is sensitive to the initial weights given to each parameter, which were initialised

as random numbers selected from a normal distribution with µ = 0 and σ2 = 0.01

based on default recommended in the Netlab documentation. As this algorithm does

not automatically do so, data were shuffled before being presented to the learner to

prevent bias in the training process.

The ANN architecture was selected based on a previous study on ANNCs by

Georgieva et al. [61] consisting of a single output node with a logistic output function,

and 6 input nodes. In the literature a hidden layer with 2 nodes was found to perform

well in generalisation using the OCFMT-E databse, which is used as the default value.

In testing the algorithm always converged within 45 iterations, which was set as an

upper limit.

With the architecture and training parameters established the most significant

parameter to optimise per database was the number of nodes in the hidden layer.

This was optimised using a grid search between 2 and 10 nodes, with performance

averaged across each fold of training data. To account for the stochastic nature of the
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Figure 4.4: An artificial example of a single decision tree applied to CTG data. At
each branch a decision is made based on the value of a chosen feature. Branches
are terminated once the stopping criteria have been reached, such as Gini impurity
exceeding a threshold. The terminating nodes are called leafs, and are associated with
class decisions.

local optimiser each model was trained 10 times, and the best performer selected.

4.2.3 RF

To define random forests, first decision trees must be defined, along with a method for

learning them. A decision tree, demonstrated in figure 4.4 classifies an incoming vector

by making a series of decisions until a leaf, or termination node is reached, which will

be associated with a class decision. The CART (Classification and Regression Trees)

algorithm is one method to learn tree structures from training data.

Decisions are made at each node to maximise the total Gini impurity of the two

subsets. Gini impurity represents how often a random sample from a set would be
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misclassified if it were labelled according to the distribution of labels in a subset:

g = 1−
∑
j

p2j

where pj is the proportion of class j in the dataset and g is the Gini impurity. The

impurity has a maximum value when all classes occur with an equal probability, and

a minimum value of 0 when there is only one class in the subset. The CART process

is described in Algorithm 4.1.

Algorithm 4.1 The CART algorithm

while all branches are not terminated do
for each branch do

if termination criteria not met then
select a random subset of features
for each selected feature do

find a split which minimises the subsets’ Gini impurity
end for
create a new branch from this parent according to the feature and split giving
the lowest overall Gini impurity

else if termination criteria met then
mark this branch as terminated

end if
end for

end while

The termination criteria are either the number of samples in a data-subset reaching

a lower limit, or the proportion of a single class in a data-subset attaining an upper

limit. The random forest is a collection of decision trees who each vote for a majority

class. There are two differences between the single CART implementation and the

trees grown in the random forest. Each tree is generated from the complete set of

features and the full dataset by selecting a random training subset and at each node

a random set of features.
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Of particular importance is the selection of a new set of random features to use

at each node which Breiman demonstrates minimises correlation between trees whilst

maintaining discriminative strength [19]. The final decision of the total classifier is a

majority vote of each tree.

Implementation

The Random Forest algorithm was implemented using the Matlab Machine Learning

toolbox. Though tree structure and pruning methods are important, the parameters

with the greatest influence on performance have been identified as the number of

parameters selected at each tree node nparam and the number of decision trees in the

forest ntree. Two independent grid searches were used to identify default values for

these parameters, shown in figure 4.5. The number of selected parameters did not

influence the classification performance, therefore this value was kept at the value

recommended in the literature for classification,
√
nfeat, where nfeat is the number of

features available. The number of trees was linearly varied from 1 to 120. An accuracy

of 96.7% was achieved using 32 trees, which could be increased to 98.3% with 70 trees.

The former is sufficient as a default value as the simpler model is expected to perform

better in generalised tasks.

4.2.4 RVM

The relevance vector machine was developed by Tipping as a method of sparsely rep-

resenting the solution to classification and regression problems. The method tends to

produce a more sparse representation than the SVM [175], and the samples selected

as relevance vectors tend to be representatives of their class [179]. This property is
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Figure 4.5: Default parameters for the Random Forest model are created by investigat-
ing the classifier performance on the OCFMT-E database using 10-fold cross validation.
The number of retained parameters is plotted against the classifier performance. The
first 5 boxes show the performance on the training data, the right 5 on the testing
data. In both cases the values are not significantly affected by the number of retained
parameters. The model accuracy levels off and is not substantially increased by using
more than 30 trees.

demonstrated in Figure 4.6a.

Training the RVM uses the same evidence procedure as the BANN [176] explained

in detail in Section 4.2.6. A sparse vector of weights, w, is to be found to describe the

output:

y = wTφ(x)

where φ(x) is a non-linear mapping of the input x. Assuming the model output y(x)

is limited using a logistic sigmoid σ(y) = 1/(1 + e−y then the posterior probability of

the targets can be described by:

P (D|w) =
N∏
n=1

σ (y(xn,w))tn (1− σ(y(xn,w))1−tn
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Figure 4.6: An example of cases selected to define decision boundaries on a toy dataset
using (a) an RVM and (b) an SVM. The support vectors, highlighted with blue aster-
isks, are observed as the cases closest to the decision boundary. The relevance vectors,
highlighted with blue squares, are cases in the centre of their clusters, and highly
representative of their class.
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The weight on each training sample is defined using a prior distribution in the form:

P (w|α) =
M∏
i=0

N(0, α−1i )

where αi is the precision, or inverse variance of the weight wi and M is the dimension-

ality of x. This distribution again acts as a regularisation parameter, penalising large

weights.

To create an iterative formula to estimate the hyperparameters the evidence for

the hyperparameters p(D|α) must be maximised. For a selected basis function φ the

resultant formula is:

αi =
γi

wMP

where:

γi =αiΣii

Σ =ΦTBΦ + A

wMP =ΣΦTt

with A = diag(α0, . . . αN) and B = diag(B0, . . . , BN) with Bn = σ(y(xn))(1−σ(y(xn))

and Φ is the design matrix resulting from the selected basis function.

As these variances are updated, most will tend to zero causing the relevant weight

to be most probably zero. These weights are pruned, the remaining weights and their

corresponding samples being the relevance vectors.
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Implementation

The RVM shares many similarities with the SVM, including the use of a kernel function.

The same kernel function as the SVM case, the RBF, was used again. Unlike the SVM

there is no box-constraint parameter, therefore optimisation is reduced to optimising

the RBF variance. The RVM model was implemented in Matlab using the Sparse

Bayes toolbox [175]. The variance was optimised using the pattern search algorithm,

initialised at the default value of 2.4 calculated below.

The number of relevance vectors retained and the model’s performance are mapped

in figure 4.7 using the OCFMT-E database to estimate strong default parameters.

From this plot a default value for σ2 of 2.4 was selected, which resulted in an average

of 19.3 relevance vectors being selected and an average testing accuracy of 91.2% across

all 10 folds. This model compares favourably with the SVM demonstrated in Figure

4.8 which attained an accuracy of 96.5% using σ2 = 1.32 and C = 10.74, requiring an

average of 75.83 support vectors.

4.2.5 SVM

The SVM aims to find a hyperplane that maximises the distance between the plane

and the boundary to each class. For a linearly separable dataset X = (x1, . . .xN)

belonging to class t = (t1, . . . tN) the SVM finds a vector of weights w and constants

b describing a line wTX + b whose value is ≥ 1 for one class and ≤ −1 for the other.

Additionally this line must maximise the distance between itself and the nearest

points in each classes. These nearest points, defined as locations where wTX + b = ±1

are called support vectors. By introducing a new variable y which is +1 for positive
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Figure 4.7: The cross-validated RVM accuracy and number of relevance vectors se-
lected are plotted against the RBF variance. The number of relevance vectors decreases
as the RBF variance increases, producing a simpler model, at the cost of classification
performance.

cases and -1 for negative cases the ith support vector can be re-written as:

yi(xi.w)− b)− 1 = 0

Using this equation the width of the separating margin is the projection of the vector

connecting the positive and negative support vectors onto a unit vector perpendicular

to the dividing line, w
‖w‖ . The result is simply:

2

‖w‖

Maximising this margin is equivalent to minimizing ||w|| subject to the constraint

that each sample must lie at least 1 away from the dividing line. For mathematical

82



simplicity this constrained optimisation problem is reformulated as:

min f(x,y) s.t. g(x,y) ≥ 0

where:

f(x,y) =
1

2
‖w‖2

gi(x,y) = yi(xi.w)− b− 1 for all i

This can be solved by introducing a Lagrangian multiplier α and re-writing the con-

straint equations as a single equation:

L(x,y, α) = f(x,y) + α(g(x,y)) (4.1)

=
1

2
‖w‖2 −

N∑
i=1

(αi[yi(w.xi + b)− 1]) (4.2)

At this stage it is observed that for any correctly classified points, equation 4.2 is

minimised by setting the corresponding α value to zero - thus they will not play a

role in defining the boundary. To find the solution a point on f(x,y) must be found

where its value does not increase in any direction which lies on the solution to each

g = 0. This is done by taking the partial derivatives of equation 4.2 with respect to

the weights w and the constant b to give the following pair of equations:

w =
∑

aiyixi (4.3)∑
aiyi = 0 (4.4)
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These are substituted back into the original Lagrangian to produce a final optimisation

problem which must be minimised:

L(α) =
∑

αi −
1

2

N∑
i=1

N∑
j=1

αiαjyiyjxi · xj

Implementation

The SVM is implemented using the Matlab Statistics Toolbox version 9.0 solved us-

ing quadratic optimisation as described in Section 3.2.5. With a training method

established the model selection involves choosing a kernel function to use, if any, and

selecting the parameters of that function. Based on performance in the literature [66]

an RBF kernel function is used, which introduces a new parameter, the variance of

the function, σ2:

k(x, x′) = exp

(
−d(x, x′)2

2σ2

)
where d(x, x′) is the Euclidean distance between points x and x′. The tuning param-

eter is the box constraint, C, which defines the penalty for misclassification. In the

literature where parameter values were recorded C and σ2 were set to 0.3 and 2 re-

spectively, established by trial and error [137]. In these experiments these parameters

were optimised using a pattern search algorithm implemented with the Matlab Global

Optimisation Toolbox version 3.2.5. Default values were established in a separate set

of experiments shown in Figure 4.8 by setting one parameter to the value found in the

literature and varying the other and assessing the classification performance using the

OCFMT-E database. From this experiment default values for the OCFMT databases

were set to σ2 = 1.32 and C = 10.74, which balanced the testing accuracy and the

model complexity.
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Figure 4.8: In (a) the SVM box-parameter and corresponding number of support
vectors are assessed against model accuracy. Beyond a value of 20, little change in
either feature was observed, with the maximum accuracy being obtained with C = 1.
In (b) the effect of RBF variance on the same two measures is plotted. The variation
in the number of support vectors selected was small, with the maximum accuracy
achieved with σ2 = 1.32.

The degree of overfit in an SVM may be intuitively visualised by assessing the

balance between the classification accuracy and the number of support vectors selected.

The effect of each of these parameters was assessed using the cross validation error

and the number of support vectors selected. The rather high number of datapoints

selected as support vectors (upwards of 70 out of 112 datapoints) indicated that the

data were poorly separable in the chosen projection.

4.2.6 BANN

The BANN was proposed as a method to introduce a measure of certainty into ANN

classification results [61]. The BANN also allows for two further advantages over

the standard ANN; firstly a greater robustness to overtraining as the model includes

a regularisation function; secondly model robustness, as the uncertainty on model

parameters is included within the model.
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Bayesian ANN have not been found to be previously applied to the CTG classifica-

tion, but have been used in the similar field of ECG classification [56]. The complete

methodology is described in the literature [16, 114, 124], and is summarised below.

The BANN uses an identical model structure and annotation to the ANN. Like the

ANN the model is trained by adjusting the weights of connections between nodes, how-

ever additional parameters are introduced to account for uncertainty on the estimated

weights. Optimal weights are defined as those that were most likely to have generated

the data; or the maximum of the posterior weight distribution p(w|D), where w rep-

resents the weight parameters and D the data. Uncertainty in the weights is achieved

by modelling each weight as a probability distribution shown in equation 4.5. Weights

are assumed to be generally small, and their values are completely unknown before

training the prior distribution assigned to each weight is a normal distribution with

zero mean and variance α−1.

p(w) =
1

Zw(α)
exp

(
−α
2
||w||2

)
(4.5)

Since an optimal model will maximise the posterior weight distribution, the model

error is defined as E = −log (p(w|D)). Using Bayes rule the posterior distribution can

be split into the data likelihood, the weight prior, and the data prior:

p(w|D) =
p(D|w)p(w)

p(D)
(4.6)

The data prior p(D) is a regularisation parameter, and can be neglected since only

the model parameters are being adjusted. Using equation 4.6 the error term is split

into two parts, the data error −log p(D|w), taken as the cross entropy error, and the
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model error −log p(w), which acts as a regularisation term.

The misfit function is then defined in terms of the two errors:

S(w) = E = ED + αEw (4.7)

With the hyperparameters included in the regular ANN model, the Evidence Procedure

is used to determine optimal weights and hyperparameters of the model. This relies

on the evidence for the hyperparameters:

p(D|α) =

∫
p(D|w, α)p(w|a)dw

From which a recursive equation for α can be formed:

2αEMP
W = W −

W∑
i=1

α

λi + α

where λi is the ith eigenvalue of the Hessian ∇∇ED and γ is:

γ =
W∑
i=1

1

λi + α

Using this, the fact that the most probable weights are those which minimise the error,

and that the error approximation holds true at the modes of the hyperparameters

the evidence procedure is developed to optimise weights and parameters using the

algorithm iteratively:

1. Initialize the hyperparameter and the weights. The weights are randomly ini-

tialised independently of the hyperparameter. In this study the initial bias and

weight hyperparameters were set to 0.1.
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2. The networks weights are then optimised using any net optimiser which accounts

for the priors, in this case the scaled conjugate gradient method.

3. The evidence is computed for the hyperparameters, which are then re-estimated.

The re-estimation formula can be iterated at this stage.

4. Steps 2 and 3 are repeated until convergence.

These optimal weights and hyperparameters can then be used to make estimations

about new data points by considering the posterior of the class marginalised over the

weight uncertainty. This involves computing the integral:

P (C1|x) =

∫
y(x;w)p(w|D)dw

The value of γ represents the number of well defined parameters, those whose weights

are dictated by the data, not the model priors [15] which provide an estimate of how

many weights are being effectively used. Closely related to this is the concept of auto-

matic relevance determination (ARD), where an input parameters importance can be

approximated by the variance on the corresponding input nodes weight. Inputs with a

corresponding large hyperparameter are unimportant, as their weights are constrained

to small values; small hyperparameters allow large weights, and the corresponding

input is therefore important.

Implementation

A 2-layer feed-forward network was set up to include 6 inputs, between 1-10 hidden

nodes and a single output to explore this parameters’ effect on performance. Networks

of more than 10 hidden nodes showed signs indicative of over-fitting (large parameter

weights and poor validation performance).
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Figure 4.9: Evaluation of parameters for the BANN using the OCFMT-M dataset.
In (a) the training and validation error were plotted against the number of training
iterations. In (b) the model’s cross-validation classification accuracy is plotted against
the number of nodes in the hidden layer. The best validation performance was attained
using a hidden layer with 4 nodes.

10-fold cross-validation was used to test the networks performance using dataset

OCFMT-M. All priors were initially set at 0.1 with the initial networks weights random

values from a zero-mean normal distribution scaled according to the number of incom-

ing and outgoing weights. The network was then trained using the Netlab package

for Matlab [124]. The resulting classification rates for 2-10 hidden nodes are shown in

Figure 4.9. In implementation, a grid search over this range (2-10 hidden nodes) was

performed using training data and 9-fold cross validation, with the model achieving

the highest mean accuracy selected.

4.2.7 Thresholding BANN outputs

The BANN introduces marginalised class outputs, which modify the standard posterior

probability of the classifier to incorporate a confidence measure dependent on the local

data density. The class decision boundary remains unaffected, but the probability

now changes more rapidly in regions of high training sample concentration and more
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Figure 4.10: An example of the effect of moderation on the BANN decision surface.
Sample data were generated and split into two classes and used to train a BANN.
The training data (points) and the resulting decision surface (color) are shown for (a)
standard outputs and (b) moderated outputs. In (a) the unmoderated outputs show
strong class preferences even in regions containing little data at the extremities of the
image. In (b) as the decision surface moves away from the regions containing data the
certainty slowly returns to uncertainty, represented as grey.

slowly in regions of low training sample concentration. Therefore decisions about test

samples in regions of low data concentrations are less certain than decisions in regions

with a high concentration. This effect is visualised in Figure 4.10 which shows a

decision surface using moderated and unmoderated outputs. By using moderation on

the classifier output, and choosing not to classify points with a low certainty (classifier

outputs close to 0.5) the accuracy of the classifier can theoretically be improved.

The correlation between classifier output and concentration of the positive class

can be visualised on a large dataset using an Event Rate Estimation (EveREst) plot.

A BANN network trained using feature set 1 and the OCFMT-M database was used

to classify all cases in dataset OCFMT, with the adverse class defined as pH < 7.1.

Figure 4.11 compares the proportion of adverse cases with the classifier output for

the standard BANN outputs and the moderated BANN. At high certainties (classifier

90



0 0.2 0.4 0.6 0.8 1
0

0.05

0.1

0.15

0.2

0.25

Classifier output

P
ro

po
rt

io
n 

of
 p

os
iti

ve
 c

la
ss

 

 
pH<7.1
Compromise
Both
pH<7.1 − Moderated
Compromise − Moderated
Both − Moderated

Figure 4.11: An EveREst plot showing the proportion of the positive class identified
for a BANN trained using OCFMT-M and evaluated on OCFMT. The ratio of the
positive is shown for standard outputs (solid line) and the moderated outputs (dashed
line). At high classifier outputs, the proportion positive class is greater when using
moderation.

output > 0.8) the proportion of the adverse cases is higher for each outcome measure

assessed when using moderation. The number of cases falling into the higher classifier

output ranges were smaller with moderated outputs. For the unmoderated BANN a

total of 470, 501, and 201 cases were assigned to bins 0.8-.85, 0.85-0.9, and 0.9-0.95 with

unmoderated outputs, and 475, 380, 51 with moderation. The large improvements to

accuracy in the higher classifier ranges must be considered together with the loss of

75% of cases from this region.
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4.2.8 Thresholding for classification

To take advantage of this effect in classification cases falling close to the marginalised

decision boundary can be excluded. This effect was assessed using a BANN with

dataset OCFMT-M. I third output class, uncertain, was introduced to indicate cases

where there was insufficient evidence to make a decision.

Input x was then classified using two boundaries as: positive = p(C1|x) ≥ tu,

uncertain = tu > p(C1|x) ≥ tl and negative = tl > p(C1|x) where tu and tl were the

upper and lower decision thresholds.

The impact of varying the decision thresholds in this experiment is plotted in Figure

4.12. Varying either boundary to its extreme maximises the sensitivity or specificity

as expected, at the cost of excluding nearly all of the cases.

It was possible to achieve a modest improvement to classification scores by adjusting

either threshold, which must be chosen to reflect either an acceptable proportion of

cases unclassified or a desired accuracy. With no thresholding tu = tl = 0.5 the model

accuracy was 64.8%. By choosing values of tu and tl as 0.6 and 0.4 respectively the

accuracy is improved to 70.92% at the cost of choosing not to classify 77 cases (30%

of the total).

In CTG classification the majority of cases fall close to the 0.5 decision threshold,

making this the region of greatest data density. By eliminating this region correct

decisions are potentially eliminated. To counteract this effect it is possible to examine

the data density on a case by case basis.
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Figure 4.12: Variations in statistical measures, and the number of classes rejected as
unclassified, are plotted against the lower and upper decision thresholds (x and y-axis
respectively) for the BANN trained Section 4.2.6. As the thresholds are moved further
away from the original decision boundary the number of cases and model accuracy
both increase. A greater bias towards the upper or lower trends will improve the
sensitivity and specificity respectively.
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4.2.9 Calculating the individual BANN output variance

To make predictions using the BANN the posterior of the class must be found by

marginalising out the uncertainty in the weights.

P (C1|x) =

∫
y(x;w)p(w|D)dw

As y(a) is a non-linear function, using the prediction and the approximation on the

weight posterior in equation 4.7 alone is not sufficient, so the same assumption - that

the distribution is normal and distributed around its mode - is used. The mode of

the activation of the output node, aMP , is found by forward propagating the inputs x

through the network, and its variance s2 = gTA−1g where:

g =
∂a

∂w

∣∣∣∣
w=wMP

Using these two approximations the integral is not analytically tractable, but the

resulting class posterior can be written in terms of the output activation function,

y(a):

P (C1|x,D) =

∫
y(a)p(a|x)da

for which the approximated solution has been proposed,:

P (C1|x,D) ≈ y(κ(s)amp)

where:

κ(s) =

(
1 +

πs2

8

) 1
2

(4.8)
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and amp the most probable value of the activation function found by forward propa-

gating the inputs through the network. The output variance is then taken as s2 in

equation 4.8 and propagated through the activation function also.

4.2.10 Classification with BANN output variance

Rather than assigning unknown classes based on threshold classifier output values, a

novel measure of the unknown class was introduced based upon posterior certainty. A

case was classed as positive or negative only if its upper and lower bounds did not cross

the 0.5 decision threshold. To estimate the success of thresholding based on output

variance the 6-node BANN used in Section 4.2.8 was initially used. It was observed

that the output variance increased with model complexity, and for models with more

than 5 hidden nodes less than 5% of cases lay within one standard deviation of the

cut-off point.

A simpler model with 2 hidden nodes was used instead. Incorporating this step

into classification increased the accuracy from 60.7% to 64.2%, a marked improvement

with 35% of cases being classed as uncertain.

To visualise this variance, the 2-node model was used to produce time series plots

of the neural index together with their variance, shown in Figure 4.13.

Alarm systems based on classifier outputs have proven successful at incorporating

time-series information into stationary classifiers, by registering the amount of time

a classifier spends above a classification threshold, and only signalling an alarm once

this time has exceeded a predetermined limit [202]. It is possible to take advantage

of the variance produced by the BANN model to include an estimation of certainty

on the model output, which could potentially be used to enhance these alarm-based
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(b) An uncertain result

Figure 4.13: A BANN was used to classify data points from single windows for two
sample cases from OCFMT-E. The classifier output and an estimate of its variance are
plotted for each case. The final samples can be classified using the samples variance.
Case 10319 (a) shows the output signal falling at least one standard deviation from the
0.5 cut-off, hence classed as negative. Case 4401 (b) shows a large standard deviation
crossing the cut-off, and would be classified as uncertain.

classifiers.

However for the purposes of a classifier comparison thresholding methods were

deemed as not appropriate given the cost to accuracy of using a simpler model and

the large number of cases which would be labelled as uncertain in more realistic and

poorly separable datasets.

4.3 Experiment 1: The effect of oversampling

CTG datasets are typically highly unbalanced due to the rarity of adverse events.

This imbalance can be compensated for by adjusting the misclassification cost of the

minor class or in the case of batch trained or bagged methods by selecting balanced

samples. These methods are functionally equivalent to oversampling the minor class

96



and therefore share the same disadvantages; that the model is then highly susceptible to

over training the presented samples in the minor class, which will reduce its generalised

performance. This is because samples in the major class are likely more evenly spread

over the parameter space.

One strategy is to under-sample the major class, however potentially useful infor-

mation is lost as cases are discarded. Whilst the generalised performance of the model

can be increased, the accuracy is diminished.

SMOTE

SMOTE has been introduced to address the problems of oversampling by generating

new samples from existing ones. New samples are created from dataset C consisting

of i cases with j features using the following algorithm: where N is the ratio by which

Algorithm 4.2 Create synthetic dataset C∗ using SMOTE

for n = 1 : N do
for case ci in C do

identify M nearest neighbours using their Euclidean distance.
select one of these M cases at random, c′

for parameters dj = d1, . . . , dJ in case ci do
dj∗ = dj + r(dj − d′j)

end for
return new case cin∗ with parameters d1∗, . . . , dJ∗

end for
end for

the minor class is being over-sampled and r is a uniformly distributed random number

between 0 and 1. In this way the oversampled cases are spread throughout the region

containing adverse samples, removing the problems caused by highly concentrated

samples.

Each of these methods were tested on the OCFMT database to establish an ap-
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propriate combination of under-sampling and oversampling/SMOTE to maximise the

expected performance of classifiers.

4.3.1 Method

The positive minor class was defined as all 255 cases in the OCFMT dataset with

cord gas pH < 7.05, the remaining 7,313 cases were considered negative. Each case

consisted of a single vector of 64 features calculated from data in the final 30 minutes

of labour as in Section 4.4.1. Following the experimental method used by Lawrance et

al. [106] these data were divided into 6 overlapping sets containing positive:negative

ratios of 1:1, 1:2, 1:4, 1:8, 1:16, and finally all available data. Each ratio was built

up sequentially therefore the 1:2 group contains all cases in the 1:1 group, and 255

additional cases sampled from the negative class without replacement and so on for

each ratio.

For each of these ratios data were oversampled using either repetition or SMOTE

up to equality or 500% oversampling, producing 25 combinations in total. From the

complete set of 64 features 6 were selected at random and used to train each stationary

classifier (ANN, AB, SVM, RF, RVM). A 9-folded version of the cross validation pro-

cedure described in Section 4.4.2 was used to optimise each models hyper-parameters.

The optimised model was used to classify the complete set of 7,568 cases and the

accuracy, sensitivity, and Cohen’s kappa values achieved recorded. A modified form

of 10-fold cross validation was used, where in cases of reduced training data each

validation fold was appended to include a single fold of the remaining data. To avoid

any bias introduced by feature selection this process was repeated 10 times, using a

new randomly selected groups of 6 features in each iteration.
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Figure 4.14: The process used to test the effect of data imbalance on classifier perfor-
mance.
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Table 4.3: The average performance of classifiers trained using a subset of OCFMT,
under-sampled so that number of cases in each class was equal. Performance in higher
ratios is plotted in Figure 4.15

Measure Train Test

acc 65.27% 60.46%
sens 55.29% 50.32%
spec 75.25% 70.6%
κ 0.31 0.21

4.3.2 Results

The results using the 1:1 dataset are shown in Table 4.3, and ratios between 1:2 and

1:8 are shown in Figure 4.15. Beyond a class imbalance of 8:1 the sensitivity of the

model dropped to below 10% across all classifiers, and the corresponding κ values

were close to zero, therefore these results are not included. Given the average model

accuracy was over 90% it is apparent that at these levels of imbalance all classes are

being labelled as the major class.

The results could also be viewed per classifier to see if there was any distinction.

Only the sensitivity was assessed, as the κ values tended to decrease more rapidly due

to the increase in data disparity than the increase in sensitivity. Between classifiers

the best performance was observed at either 2:1 ratio with 100% oversampling or at

4:1 with 300% oversampling. In both cases there was little difference between the

performance using SMOTE and repetition oversampling. The sensitivity plots for the

RF and the BANN are shown in Figure 4.16.

Repetition over-sampling was selected for use, being the simplest method to im-

plement. SMOTE did appear to achieve a higher performance at high levels of over-

sampling and high levels of imbalance. This effect was particularly prominent in the

BANN models, which achieved a higher sensitivity with higher levels of imbalance
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(d) 4:1 ratio
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(e) 8:1 ratio
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(f) 8:1 ratio

Figure 4.15: The effect of training data class imbalance on the mean κ (left column)
and sensitivity (right column) achieved when each classifier was tested using the full
OCFMT database. From the top down training sets were down sampled to ratios of
2:1, 4:1, and 8:1. In each plot the x-axis represents the proportion of oversampling,
with 0 indicating that no oversampling was used. The maximum test kappa value was
found in (a), with a ratio of 2:1 and 100% SMOTE oversampling. The maximum test
sensitivity was found in (d), with a ratio of 4:1 and 300% SMOTE oversampling.
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(c) BANN sensitivity
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Figure 4.16: The effect of over- and under-sampling on the average recorded κ and
sensitivity values are demonstrated for the BANN in (a) and (b), and the RF in (c)
and (d). SMOTE was observed to make little difference to the performance except in
scenarios of high class imbalance, or high ratios of oversampling. The two classifiers
respond differently to the data imbalance, however the maximum kappa and sensitivity
were attained for the same data imbalance and oversampling ratio as the group average.
This suggests that these results can be applied generally to classifiers.
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and a larger dataset than in the balanced case. For the general use case a conserva-

tive recommendation was taken that in cases of class imbalance the major class can

be under-sampled to a ratio of 2:1, and the minor class oversampled by 100%. The

maximum average sensitivity was attained at a ratio of 4:1 with 300% oversampling.

4.4 Experiment 2: Classifier performance

In this experiment the performance of 6 classifiers is compared across 3 datasets, which

are further divided according to the outcome measure selected. To provide a fair

comparison the hyperparameters identified as important in Section 4.2 were optimised

using a grid search using the CV method described in Section 4.4.2

4.4.1 Data preparation

In the OCFMT and CTU-UHB databases data were presented as a windowed time-

series of features, so only values corresponding to the final 30 minutes of labour, or

the final 4 datapoints, were considered. Missing data and outliers were removed by

taking the median of these points to give a single data point representing each feature

in that super-window. Any cases with fewer than 3 of the final windows intact were

considered invalid.

From the complete range of 64 features and 6 clinical parameters a subset of 6

clinically interesting features were chosen based on the current understanding on the

fetal physiology [61]. These form feature set 1.

1. Signal quality

2. Mean FHR baseline
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3. Signal stability index

4. Minimal expected value

5. Number of decelerations

6. Onset slope of decelerations

PCA was used to reduce the 29 UCI features down to 6. Six features were selected

so ensuring equal model complexity across datasets.

For models requiring or benefiting from equal scales on input parameters each

feature was normalised to have zero mean unit variance. These models were the SVM,

ANN, BANN, and RVM. As the RF and AdaBoost models use decision trees these

will not be affected by input scaling.

4.4.2 Experimental method

Experimental methodology when comparing classifiers (outside of CTG classification)

is not well established, and reviews into the conduct of previous classifier comparisons

have found flaws in the methodology in most papers [146]. The major flaws found

were no use of a validation set for parameter tuning (in 40 out of 43 papers), and no

comparison with the relevant base model in 33% of papers.

Salzberg [155] highlighted the need to perform all model training and adjustment

in advance of seeing any test data, and also noted that caution must be taken when

repeatedly performing tests on the same databases, as research is both being focused

on optimising a single problem which can only guarantee to represent the population

from which it was sampled, and that among repeated experiments the multiplicity

effect causes the probability of significant results arising from chance to continue ris-

ing. Therefore all parameter adjustment will be performed here as part of the cross
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validation process for each fold.

The choice of outcome measurement may bias the performance of classifiers de-

pending on the parameters that they are optimising, for example ANN are minimising

mean square error (MSE) or cross entropy (MXE) so will outperform margin max-

imisers such as SVM on this measure [22]. It has been demonstrated empirically [21]

that different performance metrics will bias the results in favour of different classi-

fiers on different datasets. Thus there is no way to know beforehand which outcomes

will be preferred on new datasets. As such measures from several classes (accuracy,

probability and ranked methods) will be used here to measure performance.

When comparing multiple classifiers, repeated measures Analysis of Variance (ANOVA)

and Friedman tests can be used which maximise statistical power by taking into ac-

count the fact that some of the samples are repeated when using cross validation [185].

The Friedman test is a non-parametric equivalent to the repeated measures ANOVA,

with slightly lower statistical power but better performance in cases where the assump-

tions of the ANOVA test, normality of the classifier outputs, is violated. These tests

are used to retain or reject the hypothesis that the means of each test are equal.

If this test is rejected, then a post-hoc multiple comparison procedure can be used to

test differences between pairs of tests. The Tukey test, or the non-parametric Nemenyi,

test are recommended for this [145]. In this particular instance multiple classifiers are

being tested over multiple datasets for which Friedman’s test is recommended [43].

Based on the literature the following experimental procedure has been devised

for comparisons between multiple classifiers on multiple CTG datasets based on the

methodologies and suggestions found in literature [43, 145]:

For each dataset

1. Split data into 10 partitions. Retain one partition for testing, and 9 for training.
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2. For each classifier:

(a) Prepare data per classifier, and perform any feature reduction using PCA.

(b) For each partition:

i. Down-sample data to correct ratio if necessary.

ii. Split training data into training and validation sets using 9-fold CV.

iii. Optimise classifier parameters by maximising relevant performance pa-

rameter across all 9 folds. The performance parameter is the outcome

measurement used for optimisation.

iv. Using the discovered parameters, train the model on the entire parti-

tion. If the model is unstable, repeat training 10 times.

(c) Evaluate trained models on testing sets. Report model accuracy, sensitivity,

specificity, F-score, and Cohen’s κ.

3. Calculate mean of each performance measure.

Use the Friedman test to evaluate differences in accuracy means. If a difference is

found, use the Nemenyi test to highlight classifiers which are significantly different

from other classifiers. There are several important considerations to highlight in this

implementation. Firstly that the testing data are not used to optimise the model

parameters meaning that an estimate is being made of the optimal parameter set.

Caruana [22] demonstrates on multiple classifiers that using the testing set to optimise

model parameters has a positive effect on a model’s performance. Secondly the same

partitions are used for each classifier here, which reduces any random variance caused

by differences in the selected samples.
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Table 4.4: The average performance of each classifier on each of the tested datasets
using the established training protocol. For each outcome measure, its mean value over
the 10 cross validation folds is reported. The values of kappa were used to calculate
the best performer. The greatest kappa value achieved on each dataset is highlighted.

Dataset Measure AB ANN BANN RF RVM SVM

OCFMT-E acc 0.655 0.655 0.613 0.732 0.750 0.667
sen 0.667 0.548 0.667 0.667 0.833 0.833
spec 0.667 0.845 0.667 0.833 0.667 0.583
kap 0.290 0.323 0.323 0.452 0.435 0.355
fmeas 0.641 0.558 0.615 0.739 0.769 0.732

OCFMT-M acc 0.658 0.632 0.653 0.671 0.671 0.702
sen 0.684 0.553 0.711 0.632 0.658 0.711
spec 0.684 0.675 0.711 0.730 0.675 0.737
kap 0.316 0.263 0.306 0.342 0.342 0.405
fmeas 0.679 0.612 0.681 0.656 0.665 0.679

OCFMT acc 0.616 0.602 0.604 0.710 0.567 0.576
sen 0.538 0.462 0.500 0.480 0.538 0.569
spec 0.616 0.607 0.603 0.718 0.568 0.576
kap 0.028 0.014 0.022 0.048 0.016 0.026
fmeas 0.091 0.073 0.084 0.102 0.084 0.086

UCI acc 0.954 0.954 0.967 0.967 0.959 0.964
sen 0.917 0.941 0.944 0.944 0.944 0.972
spec 0.958 0.961 0.970 0.970 0.961 0.964
kap 0.779 0.764 0.828 0.832 0.792 0.824
fmeas 0.802 0.809 0.850 0.845 0.815 0.825

CTU-pH acc 0.627 0.682 0.682 0.691 0.645 0.609
sen 0.667 0.464 0.667 0.667 0.619 0.583
spec 0.663 0.717 0.694 0.714 0.633 0.612
kap 0.129 0.094 0.163 0.194 0.087 0.082
fmeas 0.269 0.241 0.267 0.282 0.234 0.249

CTU-BE acc 0.649 0.591 0.600 0.672 0.541 0.631
sen 0.500 0.330 0.500 0.375 0.464 0.428
spec 0.656 0.615 0.600 0.719 0.568 0.667
kap 0.073 0.016 0.057 0.063 0.010 0.092
fmeas 0.257 0.209 0.239 0.233 0.229 0.255
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Table 4.5: The ranking of each classifier according to the median value of the kappa
statistic. Ties were handled by assigning each classifier the mean of the tied places.

Dataset AB ANN BANN RF RVM SVM

OCFMT-E 6 4.5 4.5 1 2 3
OCFMT-M 4 6 5 2.5 2.5 1
OCFMT 2 6 4 1 5 3
UCI 5 6 2 1 4 3
CTU-UHB (pH) 3 4 2 1 5 6
CTU-UHB (BE) 2 6 4 3 5 1

Mean 3.67 5.42 3.58 1.58 3.92 2.83

4.4.3 Results

The kappa statistic was found to be unsuitable for the OCFMT database as the large

class imbalance resulted in a statistic around 0 for most cases. The same effect can

be noted in the SVM validation kappa value, which has not been adjusted to account

for the imbalance in datasets presented to the SVM. The ranks of each classifier are

presented in table 4.5.

A Friedman test rejected the hypothesis these groups performance was identical

with p = 0.0166. A post-hoc one-way Nemenyi test was used to assess whether the RF

performed significantly better than the other classifiers tested. The critical difference,

the difference between mean ranks considered significant, at p = 0.05 with 6 degrees

of freedom and considering 6 datasets, was 1.392. Therefore the RF can be considered

significantly superior to all methods except the SVM, with a difference in mean rank

of 1.25 places.

However the lack of independence in these tests must be considered, as one dataset,

OCFMT, was divided into multiple subsets, and another, CTU-UHB, was used with

multiple outcome measures. With a small number of datasets, the statistical power of
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these tests is also low.

The three OCFMT datasets featured identical outcome measures, taken in different

ratios. Ranking was most stable between the two balanced datasets, OCFMT-E and

-M. In the full dataset class imbalance effects may have had a greater effect on the

rankings. The change of ranking and performance between the BE and pH measures

observed in the CTU-UHB dataset may be attributed to a change in class ratio (1:6.56

and 1:8.05 respectively), though as this ratio is small it may be assumed that this

difference is more likely due to differences in the outcome measure, indicating BE and

pH may affect parameters in different ways.

The RF was considered the algorithm most likely to perform well, with the SVM

in second. Though the difference between these two classifiers was not a statistically

significant this decision was supported by results in the literature on a more general

set of databases [49]. The RF algorithm was thus selected for use as a benchmark

against which possible improvements to CTG can be compared. The RF was partic-

ularly strong in classification of unbalanced datasets, suggesting it produced strong

and accurate models of the regions occupied by positive cases. Classifiers with softer

decision boundaries, the RVM and BANN, defined by their strong preference for sparse

models or small weights, performed poorly in testing on large datasets.

The RF results for each dataset were compared to results in the literature. Dataset

OCFMT-E was selected to provide highly separable values. In the literature Georgieva

et al. [61] reported an accuracy of 83% with κ = 0.66 using an ANNC, tested using

10-fold cross validation with a 60/15/25% training / validation / testing split. In

preliminary BANN model investigations in Section 4.2.6 using Leave-one-out cross

validation accuracies up to 89% were recorded. The results for all classifiers on this

dataset were much lower, with the best performing RF achieving an accuracy of 75%
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with κ = 0.452. However in this experiment, unlike results in the literature, input

data included only the 6 signal features, and no clinical information.

These two methods were used also to classify OCFMT-M. However in these cases

the model trained previously on OCFMT-E was used, with OCFMT-M as the test set.

In this case the ANNC reported an accuracy of 63.89%, with κ = 0.28, and the BANN

achieved 64.68%. The RF, achieving 67.10% and κ = 0.342 compares favourably,

however this difference is likely due to the use of 10-fold cross validation, which made

a much greater proportion of data available as training information available to the

classifier.

On the highly separable UCI database performance was strong for all classifiers

despite the class imbalance. In a similar study Ocak et al. [137] achieved a sensitivity

and specificity of 100% and 99.3% using a 50/50% train/test ratio and an SVM, with

input features optimised using a GA. However the performance on the test set was used

as the fitness function, which has been demonstrated to improve performance above

methods using validation data alone [22]. An Adaptive-Neuro-Fuzzy-Inference System,

a series of ANN incorporating fuzzy rules in the input layer, achieved a sensitivity and

specificity of 97.2% and 96.6% [138]. The performance achieved by the benchmark RF

algorithm, 94.4% and 97.0%, was not substantially different to these results.

The benchmark method allows a simple comparison against newly developed meth-

ods which is easily implemented and robust to outcome measure and class imbalance.
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4.5 Experiment 3: Inclusions of time series infor-

mation

It has been suggested that the most important aspect of CTG assessment is the evo-

lution of features over time [199]. Due to the large variability between individuals,

absolute values of CTG properties may not be appropriate, but trends may indicate

pathological conditions. Several sources have looked into the trajectory of CTG fea-

tures, using visualisation techniques [24] and the evolution of properties from systems

identification of the CTG [190], but the performance of a classifier using time-series

information has not been compared against those using absolute information. In this

Section an HMM is designed and compared against the previously developed bench-

mark RF classifier. The HMM was selected as it has previously been applied success-

fully to CTG data [69].

4.5.1 HMM

The structure of the HMM is described by the states and transitions between states,

with each state having a set of output probabilities called emissions. An example of

a set of three states and their associated transitions for two model types is shown in

Figure 3.1. The 1st order Markov assumption is used here, stating that the probability

of transition to next state is dependent only on the current state.

The HMM consists of a set of N states S1, S2, ...SN , connected by state transitions.

The state at time t is denoted as qt, and the transition probability from state i to j

can then be written αij = P (qt+1 = Sj|qt = Si). The complete set of transitions can

be written in matrix form, called the transition matrix, A = {aij}.
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At each state an observation is emitted, which is the only information visible to

the system, hence the current state of the system as any point is ’hidden’. In the

discrete case with a set of M observation symbols V = {v1, v2, ..., vM}, the probability

of observing symbol vk given state Sj is written as bj(k) = P (vk|qt = Sj). The complete

set of observation probabilities is termed the emission matrix B = bj(k). The final

descriptor of the model is the initial probability vector π, the probability of starting

in state i, or equivalently πi = P (q1 = i). The complete set of probabilities is called

π = {πi}. These three terms are often put together to describe the complete HMM

model as λ = (A,B, π). To classify samples an HMM must be made for each potential

class. Samples are assigned to the class which is most likely to have produced that

sample.

An optimal HMM is one which maximises the probability of the training obser-

vations. There is no way analytically to solve the maximisation problem, but several

alternative local optimisers have been proposed, the two major choices being the Seg-

mental K-means Algorithm [94] and Baum-Welch re-estimation [147]. Baum-Welch

re-estimation is used in this Thesis so is explained here. Firstly two concepts, the

forward and backward variables, must be introduced. The forward variable αt(q) is

defined as the probability of the sequence up to time t finishing in state q, and is found

by iterating through the observed sequence:

α1(q) = πqbq(O1)

then for 2 ≤ t < T :

αt+1(j) =

[
N∑
q=1

αt(q)aij

]
bj(Ot+1) (4.9)
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The backward variable β represents the probability of a sequence of observations

given that the current model is in state i at time t. It is found by iterating through

the observed sequence, but backwards. Start at t = T

βT (i) = 1βt(i) = P (Ot+1, Ot+2, . . . , OT |it = i, λ) (4.10)

Then a new variable is defined, γt(i) = P (it = i|O, λ), the probability of being in state

i at time t given the observation sequence and the model. This can be found using the

forward and backward variables defined in equations 4.9 and 4.10:

γt(i) =
αt(i)βt(i)

P (O|λ)

A second new variable is defined, ξt(i, j) = P (it = i, it+1 = j, Ot+1|γ), the probability

of moving from state i to state j and emitting observation Ot+1 at time t. This is

again found using the forward and backward parameters:

ξt(i, j) =
αt(i)aijbj(Ot+1)βt+1(j)

P (O|λ)

These variables can then be used to represent the following values:

T−1∑
t=1

γt(i) = Expected no. transitions from state i

T−1∑
t=1

ξt(i, j) = Expected no. transitions from state i to state j

which can be used to update the model parameters as follows:

1. The initial starting probability for state i is the normalised number of times we
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expect to be in state i.

π′i = γt(i)

2. The transition probability from state i to state j is the number of transitions

from state i to state j divided by the number of transitions from state i.

a′ij =

∑T−1
t=1 ξt(i, j)∑T−1
t=1 γt(i)

3. The emission probability, bj(k) is the number of times the model emits observa-

tion k from state i over the number of times the model is in state i.

bj(k)′ =

∑T−1
t=1,Ot=k

γt(j)∑T−1
t=1 γt(j)

The complete set of re-estimation formulae can be written as:

π′i = γt(i)

a′ij =

∑T−1
t=1 ξt(i, j)∑T−1
t=1 γt(i)

bj(k)′ =

∑T−1
t=1,Ot=k

γt(j)∑T−1
t=1 γt(j)

This algorithm is modified to accept continuous data by replacing the discrete obser-

vation probabilities with a parametric continuous distribution, in this case a normal

distribution. Therefore it is assumed that input parameters also share this distribution.

Using a continuous model introduces additional parameters; in this case - a mixture

of M normal distributions - these are a vector of means, µjm, a covariance matrix Ujm

and the mixture gains cjm. The re-estimation formulae for these have been shown to
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be [110, 92, 91]:

c′jk =

∑T−1
t=1 γt(j, k)∑T

t=1

∑M
k=1 γt(j, k)

(4.11)

µ′jk =

∑T
t=1 γt(j, k).Ot∑T

t=1

∑M
k=1 γt(j, k)

(4.12)

U ′jk =

∑T
t=1 γt(j, k).(Ot − µjk)(Ot − µjk)′∑T

t=1

∑M
k=1 γt(j, k)

(4.13)

4.5.2 Data preparation

Data from OCFMT-M were prepared by normalising each feature to zero mean and

unit variance. Missing data were replaced with the feature mean values, conveniently

0 after normalisation. From each case the final 20 points were selected, representing

the final 110 minutes of labour, taken as close to birth as possible. This number of

samples was selected to maximise the stability of the distance between the two class

models, demonstrated by Dugad & Desai [44], whilst retaining the maximum amount

of usable cases.

HMM were trained using Baum-Welch re-estimation, implemented using MAT-

LAB with the HMM Toolbox [122]. In these models the emission probabilities, b, are

assumed to be continuous observations with a normal distribution:

bj = N(µj,Uj)

for state j. Based on the recommendations in the literature the means of the emission

parameters were set to the values of the parameters of random samples taken from the

training set, and each element of the emission covariance matrix was set to 0.1. The

transition matrix and prior state probabilities were initialised uniformly according to
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Figure 4.17: A histogram of the validation performance of an HMM using a 3-state
ergodic model over 1000 iteration with random parameter initialisations. In each
iteration training and testing sets were randomly selected in an 80/20% ratio. The
experiment was performed using feature set 1 and the OCFMT-M dataset. The best
performer achieved an accuracy of 67.05%, and the overall mean accuracy was 55.31%.

the number of states, representing the fact there was no prior knowledge about the

model.

The Baum-Welch re-estimation procedure used to train these parameters is a local

optimisation procedure, and was found experimentally to be highly sensitive to the

initialisation of the model, demonstrated in Figure 4.17. Based on these results it was

decided that selecting the best performer from 100 randomly initialised iterations of

model training would be sufficient to discover a near-global optimum.

4.5.3 Feature selection

In addition to a comparison made using feature set 1 a second feature set was con-

structed from features which display high performance on time series. From clinical

studies performed by Westgate et al. [199] it can be inferred that features chosen to

perform well as absolute values will not necessarily perform identically well as time-
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series.

To assess the performance individual features, each was used as the input to a

simple 3-state left-right HMM. Additionally a feature was added consisting of nor-

mally distributed randomly generated numbers with identical statistical properties for

each class. This feature allows each test feature to be compared to one with no dis-

criminatory information, removing any misleading biases introduced by the training

processes. Each HMM pair was trained according to the established protocol. The

results for all 100 training iterations are shown in Figure 4.18, with the complete table

of the features tested listed in Appendix A. The top six performing features based on

the mean result, which are labelled feature set 2, were:

1. Feature 50: Mean of local approximate entropy

2. Feature 44: Number of variable decelerations

3. Feature 4: Signal stability index

4. Feature 61: Phase rectified signal averaging - decelerative capacity

5. Feature 47: Deceleration/contraction time ratio

6. Feature 62: Bi-variate phase rectified signal averaging - standard deviation of

accelerative capacity
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Several features, including a test feature of random numbers scored 50% uniformly

on all runs, thus being perfectly indiscriminate. This can be a result of one model

dominating by having a much larger output variance, making a large range of outputs

highly likely, resulting in all test cases being classified to the same class. Whilst this

can be avoided with careful training or by assigning a penalty function to the model

outputs, this is most often a result of poor separability of input data.

Compared to the original set of features used by Georgieva [61] the number of

decelerations (feature 23), performed well with a maximum correct proportion of 0.71.

However the number of variable decelerations (feature 44) had both a higher mean and

a smaller distribution, and was the second best performing feature overall. The onset

slope (feature 36) suggested by Westgate [199] as an important time-series feature

performed averagely in testing. Interestingly the median recovery slope (feature 37)

was of more importance. The best performing feature, mean of local approximate

entropy had already demonstrated strong performance previously in the classification

of absolute values [55].

To assess the performance increase through using an optimal set of features the

training and testing procedure was repeated using the 6 best performers from the

previous feature assessment step. The correct classification rate rose from 64.29%

to 66.27%, although the sensitivity and specificity were less consistent, 55.56% and

80.95% respectively. Several features had a very narrow distribution, indicating that

the training protocol was effective in discovering a narrow grouping around the global

optimum, others had a much wider distribution, indicating a highly complex optimi-

sation surface, suggesting that the training protocol might need to be revised if these

are to be included.
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4.5.4 Model selection

With an optimal feature set established, the structure of the HMM must be decided on.

A hurdle in statistical classification using fetal CTG data encountered by all groups

to date has been the limited number of cases, due to the rarity of adverse conditions,

thus a model with fewer parameters is preferred. An HMM with an output probability

density function (PDF) defined by a mixture of Gaussians withQ states, O features and

M mixtures will have Q+Q2 structural parameters for the prior and transfer matrix;

and (M + OQM + O2QM) emission parameters for the mixture weights, means, and

covariance matrices respectively. Some parameters can be tied, reducing the degrees

of freedom, noting that the structural and mixture weight parameters are bound by

stochastic constraints.

A left-right model with 7 hidden states has been found to achieve the highest

classification rate with a balance between sensitivity and specificity [69]. A left-right

transition structure was chosen for two reasons: firstly, the initial state priors are set

as the model always begins in the first state, and the number of parameters in the

transfer matrix is reduced; secondly, exploration of the data demonstrate that they

are non-stationary, and would therefore be poorly modelled by an ergodic system.

To discover an optimal model structure for the OCFMT database, models with

between 3-8 states with a left-right, or Bakis structure were tested using the OCFMT-

M database and feature set 2 with no further dimensionality reduction. The accuracy,

sensitivity and specificity for each structure are shown in Figure 4.19.

The most general structure, with three states, performed best in classification,

achieving 77.63% correct classification and the 5-state model achieved the greatest

geometric mean of sensitivity and specificity.
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Figure 4.19: The Performance of a left-right HMM with 3-8 states was tested on the
OCFMT database. A model with 3-states achieved the greatest classification accuracy,
though the 5-state model showed a better balance between sensitivity and specificity.

4.5.5 Results

The HMM method was compared against the benchmark RF classifier using the earlier

established training and testing process using both the original set of clinical features

FS1, and the new set of features selecting in Section 4.5.3. The results are plotted in

Figure 4.20. The performance was not significantly different from the RF performance

at the p = 0.05 level, and the κ statistic significantly higher (one-tailed Wilcoxon rank

sum p = 0.0246) using the new feature set. The RF also performed better using the

new feature set, but not significantly so.

One interesting observation is the reduction in the variance of the classifier perfor-

mance across the 10 folds, noting identical subsets were used for both classifiers. This

result suggests that the output is more reliable when using time-series information, but

that the overall performance does not increase. The information from the remainder

of the signal can be then thought of as supporting evidence for the final segments.
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Figure 4.20: The HMM is compared to the benchmark RF classifier using OCFMT-M
with 10-fold cross validation using both the heuristic and time-series optimal feature
sets. The accuracy of the benchmark RF model was greater for both feature sets. In
(c) the time-series features significantly improved the HMM specificity. The variation
in HMM accuracy, specificity, and kappa were much lower using than the RF model
when using the time-series feature set.

122



4.6 Conclusions

A training procedure has been developed which is simple to implement and reproduce

based upon recommendations in the literature. This includes a procedure to handle

class imbalance in datasets and a simple method of selecting model hyper-parameters.

Six classifiers were evaluated to select a strongest performer across multiple outcome

measures and datasets. The RF ranking significantly higher than all methods except

the SVM when evaluating performance using the κ statistic, a result which agrees with

literature on classifier comparisons.

The classifiers were observed to behave differently in response to class imbalance

and the oversampling methods used to correct this imbalance; in particular methods

with parameter defined regularisation parameters were sensitive to the combination

of oversampling and automatic parameter optimisation. It was also noted that each

classifier was expected to perform well in different contexts, and though each was

constrained to the same amount of input information and given the freedom to optimise

parameter numbers some, for example the RF, are able to utilise large parameter sets

in ways others cannot which was not accounted for in this comparison.

Interestingly in Table 4.4 the RVM performed well on the highly separable OCFMT-

E dataset where other classifiers achieved poor performance in comparison to previous

results in the literature. The BANN performed well on the highly separable but un-

balanced UCI dataset. The performance of the RF on the unbalanced and poorly

separable datasets, in particular OCFMT exceeded the other classifiers greatly. The

cause of these differences may be due to the training procedure, or the type of deci-

sion surface produced, however the RF method was consistent across all datasets and

outcome measures.
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The main impact of including time series information appears to be decreasing the

variance in the outputs, with the classification performance of the HMM being more

consistent across the 10 identical folds used for training and classification than the RF

benchmark. This suggests that additional information contained within the time series

may be used to support decisions, but that the absolute performance of a classifier

may not be improved using time series information. The method may be impacted by

the number of missing windows in signals, which were replaced with mean parameter

values in this thesis.

Methods which used confidence to improve accuracy by choosing not to classify

some cases were able to increase performance, and can be tuned to adjust the clas-

sifier output to prefer a desired outcome in a manner similar to moving through the

ROC curve. Output variance measures demonstrated a high sensitivity to the model

parameters, thus a meaningful confidence bound could not be implemented without

saturating the classifier output. Using a small - 0.1σ - confidence band, classifica-

tion performance was improved by 3.5%, however the cost of leaving 35% of cases

unclassified is considered too high for this marginal improvement.
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Chapter 5

System Identification to Enhance

Classification Performance
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With the performance of classifiers seemingly approaching a maxima, and no real-

isable improvements found using time-series information or thresholding new avenues

are explored. System Identification (SI) methods allow for the inclusion of current

physiological knowledge about the fetus and its reponse to distress, and can poten-

tially provide insight into the process of distress during labour.

In this Chapter SI methods which have been previously demonstrated on CTG

data are used to explore the OCFMT database.

5.1 The Impulse response function

Though the CTG signal is not stationary the rate of change is slow, developing over

the course of hours. As such the model can be assumed to be quasi-stationary in short

windows. Non-linear models can capture higher degrees of complexity but are less

stable and hence more susceptible to noise. Given the focus on very low frequency

modelling and the high degree of noise a linear model is appropriate. The IRF model

is a simple stationary model utilising only the model input and its history to make

predictions on the current output.

A general IRF predicting the output at time t with a model order M is expressed

mathematically as:

y(t) =
M∑
m=1

hmu(t−m)

where h = [h1, . . . , hM ] is a vector of model coefficients and u(t) or ut is the input at

time t. In vector form for an entire time series this becomes:

y = UTh
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with the regressor matrix, U constructed from the input thus:

u1 0 . . . 0

u2 u1 . . . 0

...
...

. . .
...

uN uN−1 . . . uN−M−1

(5.1)

Assuming there are fewer model coefficients than data points the resulting system is

overdetermined, and can be solved using Ordinary Least Squares (OLS). The OLS

solution aims to minimise the variance of the errors between the predicted output and

the true output:

V (h) =
1

N

N∑
t=1

(yn − uT
nh)2

which in matrix form is:

= (y −UTh)T (y −UTh) (5.2)

where un are the regressors of the output at time n. Based upon this error measure

an optimum set of parameters is the solution to hOLS = argminV (h). Equation 5.2

can be differentiated analytically to give the OLS solution:

h = (UTU)−1UTy.

The accuracy of the fitted model is measured using the percent variance accounted for

(VAF), which is calculated using the error of the signal e = y −Uh. The variance of
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the error signal, σ2
e , is normalised by the variance of the true output signal, σ2

y:

V AF = 100

(
1− σ2

e

σ2
y

)
.

Properties of the IRF

The IRF can be described in terms of several properties shown in Figure 5.1. These

are:

1. Delay - the time until the first non zero coefficient. The represents a delay in

the response to any input.

2. Memory - the length of time from the first to last non-zero coefficients. This

represents the number of input samples which are used to produce a single output

estimate.

3. Max coefficient time - the time until the coefficient with the absolute largest

value. This represents the time delay of the most influential input value.

4. Total variation - The sum of the absolute differences between coefficients. An

approximation to the frequency content of the IRF.

TV =
M−1∑
i=1

|hi − hi−1|

5. Gain - The sum of the IRF coefficients. Measures the amplitude and direction

of the response with respect to the size of the input.

6. Maximum coefficient - Absolute value of the largest coefficient. A single measure

of the shape.
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Figure 5.1: The major properties of the impulse response function. The recovery is
defined as the length of the delay plus the memory or model order.

The Pseudo-Inverse

The impact of noise on the discovered IRF can be mitigated by using the Pseudo-

Inverse (PI) to split the model into components and selecting the components least

affected by model noise [195]. In this way the expected IRF response, smooth due

to the low frequency response of the system, can be separated from the raw IRF

discovered.

A model with output y and corrupted by noise v produces a noisy output z = y + v;

the output y being approximated by a transfer function h to give z = Uh + v, and

with the OLS estimate ĥ. The Hessian matrix H = UTU is introduced, which has

Singular Value Decomposition (SVD):

H = VSVT

H−1 = VS−1VT
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Figure 5.2: The incoming UA and FHR data, and the estimate of an IRF of order
50 discovered using OLS are shown in the top, middle, and bottom plots respectively.
The red line shows the FHR estimate, with the green line representing the relative
length of the IRF. The VAF for this segment was 67.7%

The original noise equation is pre-multiplied by UT and two new variables are intro-

duced, ζ = VTh, the projections of the IRF onto the eigenvectors of the Hessian of

the input, and η = VT(UTe), the projection of the input noise cross correlation onto

the eigenvectors of the Hessian of the input:

UTy = UTUh + UTe

= VSζ + Vη.

The transfer function itself is then decomposed into M singular values.
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h = VS−1VT(VSζ + Vη)

= Vζ + VS−1η

=
M∑
i=1

(ζi +
ηi
si

)vi

Here η is the sole term present involving the model noise. This noise is inversely scaled

by the size of the eigenvalue si, hence the signal to noise ratio can be improved by

ignoring small eigenvalues, or by retaining only the most significant singular values.

The appropriate number of singular values to retain can be determined using Minimum

Description Length (MDL). This combines requirements for simplicity and accuracy

in model selection. The MDL of the IRF retaining m singular values is:

MDL(m) =

[
1 +

m ∗ Pc log(N)

N

] N∑
i=1

[y(i)− ŷ]2 (5.3)

The term Pc is not normally included in the MDL equation, and is a penalty term

introduced in the literature to tune the prioritisation of simpler models over more

accurate models. This was set experimentally to Pc = 4. This operation can be

computed efficiently by using the energy of the error, replacing the summation in
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equation 5.3 with the energy ξe = ξy − ξŷ, and noting that ξy = σ2
y [192].

ξŷ =
1

N

N∑
t=1

ŷ2(t)

= ĥTφuuĥ

= ĥTVSVTĥ

=
M∑
t=1

st(v
T
i ĥ)2

The equation for calculating the MDL is then revised to:

MDL(m) =

[
1 +

m ∗ Pc log(N)

N

][
σ2
y −

m∑
i=1

si(v
T
i ĥ)2

]

The impact of using the PI on IRF shape on a sample of real CTG data is shown in

Figure 5.3. The final figure in subplot (a) shows the original IRF discovered, which

includes all components. The IRFs formed with fewer components are smoothened, at

the cost of losing some information. The information lost is minimal however, as the

difference in VAF in subplot (b) between the selected model and the complete model

is < 1%.

5.2 An algorithm for IRF identification

To implement the OLS + PI method the model parameters must be selected. The first

challenge is the selection of the appropriate order for the model, termed the memory;

the second is the identification of the estimated delay between the UA signal and

the FHR response. To select these two parameters a method incorporating heuristic

knowledge of the expected IRFs into the identification algorithm was developed by
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Figure 5.3: From the top down on the left are shown the four most significant com-
ponents of a sample IRF, with the original noisy IRF at the bottom. Each selected
component is shown individually (dotted line) together with the cumulative result
(solid blue line). Figure (b) shows how the properties of the IRF vary with the num-
ber of components retained. The gain and VAF are low until the third component,
at which point the MDL also reachs a nadir. Beyond 5 components the TV begins to
rise, indicating an increase in noise.
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Warrick et al. [191, 192, 193, 194, 189, 195]. The complete process is listed here to

provide a reference detailing each step of the entire algorithm, and will be explained in

the subsequent sections. Differences between the data used and method implemented

in this Thesis and that implemented by Warrick et al. are highlighted in Section 5.2.5.

• Section 5.2.1 - Preprocess the data:

- Downsample to 0.25Hz.

- Remove artefacts.

- Repair short segments of missing data.

- High-pass filter to remove the baseline.

• Section 5.2.2 - Divide signal into equally sized and spaced windows:

- Identify the maximum and minimum possible delays for window.

- Remove windows failing a validity check.

• Section 5.2.3 - Discover IRFs in each window:

- Find the dominant UA frequency fmaxU and set 1/fmaxU to be the initial

estimate of memory.

- With this memory held constant, create a set of candidate delay values by

finding values where the first IRF coefficient is 0.

- For each candidate delay, the memory is varied until the final IRF coefficient

is 0. A new set of candidates is formed from all possible memory/delay pairs.

- Select the candidate with the lowest MDL.

• Section 5.2.4 - Postprocess the candidates to ensure consistency across all win-

dows:
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- Remove IRFs which fail significance checks.

- Average the delay and recovery across all windows.

- In each window, select the candidate most like its neighbours.

- Perform a local delay and recovery search around this candidate to optimise

the IRF.

5.2.1 Pre-processing

Incoming data from the OCFMT database contained FHR data at 4Hz and UA data

at 0.25Hz. Any data that were missed during recording were given the value inf, and

were almost entirely missed beats in the FHR signal. The FHR signal was downsam-

pled to 0.25Hz using the inbuilt Matlab function decimate to remove high frequency

components. The function includes a step to low pass filter the data to avoid aliasing

effects.

Two kinds of artefacts were identified for removal. The first were segments of signal

drop off, detected as segments of low variability. A segment of data was deemed as

having low variability if its variance in a 15 second window dropped below 0.1bpm in

the FHR trace or 0.1% in the UA trace. Invalid segments were then extended until

the signal crossed the local baseline.

The second artefacts were short abrupt changes identified using the spike detector

developed by Dawes et al. [39]. An upward change in FHR of≥ 30bpm which returns to

the local baseline faster than the minimum accepted acceleration length of 30 seconds,

or a downward change of ≥ 30bpm which return faster than the minimum deceleration

time, also set at 30 seconds, is labelled as a spike artefact. This detector has been

developed on this database, and will not remove physiologically feasible signals from
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the sample.

Data that were either labelled as missing in the acquisition stage or were identi-

fied as an artefact were combined under a single missing data label. To maximise the

number of valid segments, attempts were made to repair the missing data by bridging

small gaps. For each gap found in the data, if the gap was less than 15 seconds the

missing data were bridged using linear interpolation. Gaps larger than 15 seconds were

ignored, and left as missing data, which would cause the entire segment to be classified

as invalid. The low variability detection and data repair steps are demonstrated in

figure 5.4. The data were then filtered with a high pass filter to remove low frequency

information and the signal baseline. Prior to filtering, any missing data were tem-

porarily filled by the local signal mean to prevent the propagation of missing values.

A Chebychev Type II filter was designed using Matlab, with a cut-off frequency of

fc = 45mHz. This second order filter was applied using the Matlab inbuilt function

filtfilt to prevent signal phase distortion.

5.2.2 Signal segmentation

These signals were then split into windows of length Twin = 20 minutes, with an overlap

of Tover = 10 minutes according the process in Algorithm 5.1. The window length and

window step were chosen based on the original algorithm. The final window overlap

was allowed to vary so that the final window always represented the final 20 minutes

of each tracing. To retain regular indexing of windows for comparisons, these shifted

windows were assigned to the closest index found using the regular evenly spaced

indexing scheme.
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Figure 5.4: Two samples of data showing; (a) an example of a low variability arte-
fact, highlighted with the low variability detection algorithm. These samples will be
considered invalid; (b) a demonstration of small gap repair using linear interpolation.
Inserted samples are highlighted.
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Algorithm 5.1 Window selection

Initialize the cursor at sample 1
while end not reached do

if current index is valid then
mark index as selected, set NO-SIG to false. Move the cursor forward Nskip

samples
else if current index is not valid and NO-SIG is false then

while the distance between the cursor the last previous valid window > Nmin

do
move cursor back one place
if Index is valid then

mark index as selected, exit this loop, and move the cursor forward Nskip

samples
end if

end while
else if No valid indices then

exit this loop, set NO-SIG to trueand return to the last valid index
end if
move cursor forward one space

end while

Window validation

Each window was then labelled as valid or invalid, depending on the presence of missing

data. If no missing data were found, the window was assigned a maximum overshoot

Omax and undershoot Omin, representing the delays, positive and negative respectively,

that could be applied to the window before the signal encountered invalid data. To

maximise the range of delays that could be achieved, some portion of the delayed

window was allowed to consist of invalid signal. This proportion was set to 10%,

based on an assessment using synthetic data. Since the IRF selection method prefers

delays closer to 0, the expected delay, the impact of this was found to be minimal.
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5.2.3 Heuristic IRF Identification

In all biological systems there will be a slight delay between the stimulus and the

response. Normally the delay of the IRF is simply accounted for by investigating the

number of insignificant coefficients at the start of the IRF. However the short intervals

between contraction events, especially in the later stages of labour, mean that the

response function can be misaligned and give an equally valid yet incorrect output or

repeated twice at half amplitude.

The optimal model is not necessarily found at the global maximum VAF, and thus

must be robust to segments which contain no system response as is common in early

labour when contractions are too weak to illicit a response from the fetus. This is

advantageous as to implement the method of delay, memory, and component selection

in full, including validation of each IRF would involve calculating the IRF S × d×m2

times for each window, where S is the number of surrogates used in significance testing,

d, the number of delays to test, and m the maximum memory length. The error surface

is smooth across values of d and m but discontinuous across components. To solve

this a heuristic search method suggested by Warrick et al. [189] is used to determine

the coefficients, which reduces the calculations performed to m× (1 + d)× S.

Initial memory estimation

The first stage of identification was to take an initial guess at the model order in each

window. Warrick [189] found that a well performing first approximation of the memory

was the mean contraction length. This was taken to be the dominant frequency in each

UA window. The frequency power spectrum of the UA signal was estimated using the

Yule-Walker method.

139



The order of this autoregressive model, k, was optimised by minimising the Akaike

information criterion (AIC) defined as:

AIC(k) = ln[σ(k)2] + (2k + 1)/N

with N equal to the number of samples in the window and σ(k) equal to the variance

of the spectrum, as shown in Figure 5.5. The range of orders was chosen to be between

5-20% of the length of the data sample as recommended by Haykin and Kesler [157].

The initial estimate of memory was Mcont = 1/fMax. If the initial estimate of the

memory placed it outside of the memory range, then it was set to a default value of

120s. The memory was limited to values between mmin = 50s and mmax = 300s in

agreement with the values cited.

Delay Estimation

The model delay was then estimated. The memory was kept at M = Mcont and

the delay allowed to vary between D = dmin, . . . , dmax. The amplitude of the first

coefficient of the IRF was recorded for each delay. These values were then median

filtered and quantised into 10 bins with values ranging from −0.025 to 0.025. These

bins were chosen to present a high resolution around zero crossing points, though they

typically also covered the entire range of coefficient values. Candidates for the delay

value were then taken as the points where the quantised value first reached the 0

intercept or, if the value began at 0, first left it, as shown in Figure 5.6a. In the case

where multiple candidate values were found, the two values closest to 0 were chosen

as the expected delay is close to 0.

Values of dmax = 60s and dmin = −60s were chosen, which differ from the values
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Figure 5.5: The PSD of the UA signal in a window found using the Yule-Walker
method. The highlighted peak corresponds to the contraction frequency, and is used
as an initial estimate of the IRF order

of 80s to −480s cited in the literature [195]. The range was decreased both in favour

of computational speed and because misalignment effects between the UA and FHR

signals were not found to be problematic in the OCFMT database, therefore the large

negative delays were highly unlikely.

Refined memory estimation

Each of the candidate delays was then taken onto the next stage. The IRF method

was run again for each candidate value of d with the memory varying across the

entire memory range. The final coefficients of the IRF were then median filtered and

quantised into the same bins as the coefficients from the delay discovery. The ideal IRF

memory was the shortest value at which the quantised value of the final coefficient was

0. If no value of m was found which satisfied this condition then the IRF discovery was

said to have failed for that candidate. In the case that no candidates were successful
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Figure 5.6: In figure (a) the variation of the first IRF coefficient with the delay for
a typical window is shown. The value can be seen oscillating about the 0 mark as it
approaches and then passes the true delay. The second viable delay value, d = −20,
is likely to be associated with the proceeding deceleration event. In (b) the variation
of the final coefficient with memory is shown. The value can be seen to settle to 0
after the 100 sample mark, indicating the likely memory. Candidate values selected
are highlighted in green.
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the entire window is then declared invalid.

In this final step, the values of the initial coefficients were allowed to vary slightly,

provided that they still abided by the rule that h(1) and h(n) were close to zero,

defined as h(1) ≤ 0.25 max(h) and h(n) ≤ 0.25 max(h).

With a final set of candidates consisting of feasible delays and their associated

feasible memory lengths the MDL of each candidate was also recorded, and the can-

didates for each window stored as triplets of the delay, memory, and MDL. Finally at

this stage each candidate was checked to ensure that they met all validity criteria:

1. Candidates must sufficiently represent the system. Therefore the VAF must be

above 5%.

2. The model should predict a connection between the input and the output. This

response should not be disproportionate to the input given the limits of the fetal

physiology. The absolute value of the gain, as defined in equation 5.4, must not

be above 5 or below 5× 10−3.

3. The model should not attempt to fit acceleration responses, nor should the model

attempt to fit any part of the previous or next contraction. The former occurs

most frequently in the early stages of labour, when accelerations are frequent.

The latter occurs in the final stages of labour, when contractions are frequent

enough to encroach on the search range of the current contraction. Even then,

the delay only allows a partial fit with a neighbouring contraction, therefore any

fit in these events will be out of phase - the descending edge of a contraction is

associated with a drop in FHR and the ascending edge of a contraction associated

with a rise in the FHR. The resulting IRF will have a positive gain, therefore

any positive gains are considered invalid.
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Gain =
M−1∑
i=0

hi (5.4)

where M is the model memory, or the number of coefficients, and hi is the ith coeffi-

cient.

5.2.4 Post-processing

Once a set of candidates has been found for each window, a post-processing step is

performed to ensure that the results of each window are consistent with their neigh-

bours and to chose a single best performing candidate. To encourage windows that

start at the same time, they are matched for delay, and to ensure that they end at the

same time, they are matched for recovery r = d+m.

Significance testing

To identify and to remove candidates which had not picked up on true dynamics, the

models were tested for significance using the amplitude adjusted windowed Fourier

transform (AAWFT) described by Theiler [174]. For each winning candidate, 99 sur-

rogate datasets were generated by randomly using the AAWFT which reassigned the

phases of the frequency content of the UA and FHR data for that window, an example

of which is shown in figure 5.7. This maintains the frequency content of the signal but

destroys any patterns between the input and output signals. The AAWFT algorithm

was used as follows:

• Generate a data set of the same length as the window from N independent

samples from a unit normal Gaussian distribution.

• Adjust the rank of this Gaussian series to match the rank of the windowed data.
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The position of smallest value in the series will match the position of the smallest

value in the window and so on.

• Window the Gaussian series to reduce the introduction of high frequency arte-

facts.

• Fourier transform the Gaussian series, and randomly adjust the phases of each

frequency by multiplying each phase by eiθ where θ is a random number picked

from a uniform distribution.

• Ensure that f(θ) = −f(−θ) by replicating the positive frequencies, multiplied

by −1, on the negative side of the spectrum and then perform the inverse Fourier

transform. The asymmetry ensures the result is real.

• Adjust the rank of the real data to match the rank of the new Gaussian series.

An IRF model was then fitted to each surrogate window with the number of com-

ponents, delay, and memory values from the original retained, and the resulting VAF

calculated. For a candidate to be considered valid its VAF must fall within the top 5%

of values found. This method maximised the number of windows retained and allowed

low VAF values which capture dynamics to be retained, which is investigated further

in section 5.3.

Candidate selection

From the set of validated candidates an initial guess at the optimum candidate was

made by selecting the candidate with the lowest MDL. Local estimates of r and d were

made by median filtering the values in three windows either side of and including the

current window, with the stipulation that at least 4 of the windows must be valid.

The median filtered values for a window i are termed d̂i and r̂i. Then all the potential
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Figure 5.7: An example of generated surrogate data in red, alongside the original data
sequence shown in blue. The corresponding spectra of the sequences are plotted in the
lower figure. The spectra of the generated signal is not substantially different to the
original.
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r, d, and MDL values in a single window were normalised to have zero mean and unit

variance. The Euclidean distance was found between each of the candidate in the

window and the local best candidate, identified as [median(r, d), min(MDL)]. The

candidate which was closest to this ideal candidate was selected as the winner, and

taken on to the next stage of post-processing.

Optimisation of winning candidate

A small local search was then performed around the winning candidate to optimise

the delay and memory values. The IRF identification step was performed over delay

and memory values of di ± 12 seconds and ri ± 12 seconds with a fixed number of

components matching those of the winning candidate. Of all of these new fine-tuning

candidates, the final IRF was chosen to be the IRF which had the smallest combined

start and end values, as the low frequency response for this system is expected to begin

at and to decay to zero. The impact of the algorithm up to this stage on the IRF in

a single window is demonstrated in Figure 5.8, with the individual best candidate at

each stage shown.

Finally any windows which produced an unusual candidate were removed by find-

ing the standard deviation of the delays over the entire case, and removing windows

whose delay lay more than 2 standard deviations away from this range. This removed

instances where the recovery was large enough to allow a deceleration to be matched

with a previous contraction.
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Figure 5.8: The whole process of IRF discovery, from the initial estimate of the delay,
memory, and the final refinement. The original IRF is found using m = mcont and
d = 0. The delay was then optimised, giving the IRF adjusted for D. Then M was
adjusted with D held constant at dopt, and finally a local search of both parameters
gave the final result. Note that in the implemented algorithm, the process includes
multiple candidates, which are not shown here.

5.2.5 Differences from the literature

This method was replicated using the 376 cases in the OCFMT-M dataset, chosen as

a balanced dataset of size comparable to that used in model development. A small

database allowed results to be assessed individually before the method was applied

to the complete OCFMT database. The method could not be exactly replicated as

described in the literature due to differences between the databases used, therefore

several assumptions and changes to the method were made which are detailed below.

Dataset differences

Three datasets were described in the development of the cited method, shown in table

5.1. All cases in the literature used sampling rates of 4Hz for FHR and 1Hz for

148



UA signals, and were from a gestational age of at least 36 weeks with no congenital

malformations unless otherwise stated. Base deficit was used as a measure of outcome,

with a base deficit ≥ 12 defining the positive class, along with a clinical assessment

of neurological damage. Notably some traces were acquired using internal sensors,

others external. Some were recorded directly from monitoring devices and others were

digitised scans of printed traces.

The OCFMT database guarantees gestational age and rejects traces from cases

which exhibited congenital malformations or any other growth or development defects.

These data were sampled at 4Hz for FHR signals and 0.25Hz for UA signals. All traces

were acquired externally and are directly monitored outputs.

The low sampling frequency limits the upper range of frequencies that can be

modelled. Several sources have demonstrated useful information content in higher

frequencies [188, 159, 29], however the dynamics in question here are those between

the baro- and chemo- receptors, contained in a low frequency band up to 15mHz,

of which the shortest events expected are brief decelerations of at least 30 seconds in

length. The results in the literature were performed at the higher sampling frequency

of 1Hz, therefore all preprocessing operations and filters were modified to accept an

input sampling rate of 0.25Hz. As a model of low frequency effects, this is not expected

to affect the output.

All tracings used in the literature were of at least 3 hours in length. Cases in the

OCFMT may be shorter than this, but not shorter than 30 minutes. The algorithm

will not be affected by case length, provided that there are sufficient windows for the

comparisons made in the post-processing stages.
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Table 5.1: Differences between data sets in literature and in this study. The largest
distinction lies in the method used to obtain recordings, with W-Databases being
acquired through a combination of external or internal methods and OCFMT solely
external, and the measure of outcome.

Source Database properties

W-2013 [188] 231 recordings at least 3 hours in length. 89 normal, 142
metablic acidemia

W-2006 [191] 161 traces. 56 with BD<8, 56 with 12 ≥BD< 12 and 49 with
BD≥ 12 and compromised neurological function

W-2009 [195] 264 Traces of at least 3 hours in length. 221 Normal,
BD<8mmol/L. 43 severely pathological, BD ≥12mmol/L and
death or evidence of HIE. Acquired using both internal and
external equipment.

OCFMT-M 376 traces, properties listed in Section 4.1
OCFMT 7,518 traces, properties listed in Section 4.1

Differences from the literature

Initially the method was implemented exactly as described in the literature. Table

5.2 shows the number of windows which were successful, along with the number of

windows excluded at each stage. Three quarters of the windows were excluded due to

detection of an artifact. Of the remainder only 3.5% of the healthy group and 2.4% of

the adverse group were successfully identified. The large amount of data labelled as

artefacts were caused by the original definitions of missing data and gap repair, with

gaps being much more frequent and of longer duration in general in this externally

acquired dataset. This had repercussions throughout the whole process as a high

proportion of windows were removed due to the requirement that windows have at

least 3 valid neighbours. The low number of validated windows per case meant that

the outlier delay detection step was rendered useless as there were insufficient numbers

to calculate the standard deviation of values.
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Table 5.2: A comparison between the number of windows failing validation in each
processing step using the OCFMT dataset and reported in the literature. The modified
algorithm validates a much greater proportion of the data. OCFMT-M *Method not
implemented, - Result not reported

Dataset Warrick OCFMT-M OCFMT
Algorithm Warrick Warrick Modified

Nml Adv Nml Adv Nml Adv

Artifact 8% 42% 72.6% 77.5% 23.4% 25.2%
-Low variability - - 1.0% 0.8% * *
-Failed Schmitt - - 2.0% 1.1% * *
Low gain 13% 4% 4.7% 3.9 % 33.1% 29.6%
Estimation failed 21% 9% 0.2% 0.15% 0.2% 0.3%
Insignificant 27% 15% 8.7% 8.1% 8.7% 9.9%
Outlier d 2% 2% 0% 0% 0% 0%
No neighbours - - 7.3% 5.9% 5.4% 6.0%
Validated 30% 28% 3.5% 2.4% 29.0% 29.0%

Total 3,978 774 9,788 10,603 160,579 4,044

To alleviate this several changes were made:

• The maximum gap size was increased to 15 samples and the Schmitt detector for

artefact detection, which even with the relaxed thresholds, was still frequently

labelling strong decelerations as invalid data, was replaced with the drop-off

detector developed by Dawes et al. [40].

• Rather than using a regularly indexed window, windows were allowed to shift to

maximise the amount of validated data.

• To prevent matching spurious patterns candidate IRFs with a gain above 5bpm/%

were removed from consideration.

• To prevent IRFs selected which were out of phase when contractions were close

together or the IRF was fitting accelerations IRFs with a gain below 5e-3bpm/%

were removed.
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• The initial value of the MDL tuning parameter, Pc, given in the literature often

resulted in the selection of simple models with near-zero VAF values, as the VAF

did not increase enough in proportion to the parameter penalty for higher com-

ponent numbers to be selected. This is likely due to the difference in data quality

due to both the method by which signals were recorded in the literature and the

relaxed definitions of missing data used in this implementation, which results in

generally lower VAF values. In other instances the algorithm selected complex

IRFs with large weights which were fitted to signal noise. To prevent this, and

to highlight the corresponding windows as invalid, the number of components

considered was limited to lie in the range 2-6.

5.3 Analysis of model success

The refined algorithm was successful in producing robust and simplified IRFs for cases

over the complete OCFMT database. 47,811 valid windows were discovered from a

possible 164,623 windows in the final 4 hours of recording. To confirm valid windows

are not being rejected the cause for window loss and the results of the significance

testing are examined in more detail.

5.3.1 Causes of window loss

The variation in cause of window loss as partum is approached is shown in Figure 5.9.

The high proportion of windows lost due to insufficient gain reflect contractions which

did not elicit a deceleration response. This agrees with observations from CTG traces

that low intensity and low duration contractions will often not cause any deceleration

event. Their number decreases from 40% of windows to 25% at birth as the frequency
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Figure 5.9: The cause of window loss changes cases approaches partum. Windows
are numbered according to their distance from partum. Towards partum, the number
of windows lost to insignificant gain is reduced, and the number due to missing data
increased, resulting in a net increase in the proportion validated. In the final windows,
the number lost to missing data leaps to 0.7, causing a large reduction in the number
validated.

and intensity of contractions increase.

Low gain can also be caused in the PI step as a result of the modified weighting of

the MDL equation. When a model fails to fit the low frequency signal well, but finds

some spurious relationship from noise the resulting model can pass VAF requirements,

but the first few selected PI components will consist of small coefficients. The associ-

ated VAF will then remain low until a high number of coefficients has been reached,

meaning that under the MDL selection criteria the penalty term will outweigh the

error term and a low number of coefficients will be selected.

The number of valid windows climbs slowly towards partum until the final windows

where there is a significant rise in the number of windows considered invalid due to

missing data. This is due to a decrease in signal quality towards partum arising from
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Figure 5.10: The number of windows passing the surrogate significance test was highly
dependent on the VAF in that segment, demonstrated here using the OCFMT-M
database. Invalid windows will pass the test in 5% of cases assuming they represent
no correlation between the UA and FHR signals. VAFs below 5% were rejected by the
algorithm, therefore the 0-10% bar technically represents values from 5-10%. Windows
with higher VAFs were more likely to be successfully validated.

a combination of sensor, fetal, and maternal movements. The number of windows lost

to isolation and failing significance tests remain constant throughout the labour until

the final windows. A slight trend in the rejection of isolated windows matches the

changes in validated windows, since it is less likely that a window will be isolated if

the number of valid windows is increased.

The number of windows lost to significance testing, shown in Figure 5.10, was found

to be highly dependent on the VAF, with a high value indicating a good model fit. In

some cases models with a low VAF were accepted, indicating that a weak model was

fitting a true effect, and models with a high VAF were rejected indicating a strong fit

to random noise. Low VAF acceptances are in part due to the fact that to pass the

significance test a model had to place in the top 5 VAF values. Therefore a model

representing random dynamics will be accepted one in twenty times.
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(b) The incoming data for an accepted case with high VAF

Figure 5.11: A demonstration of instances where: (a) an IRF with a low VAF was
accepted by the surrogate test, and (b) a rejected window with high VAF. In (a) noise
in the contraction events distorts the discovered IRF. However there is still a causal
link between the UA and FHR signals. In (b) a period of UA signal loss causes the
IRF to be misaligned, fitting decelerations to the current and next contraction events,
allowing the first deceleration at the 10 minute mark, which has no corresponding
contraction, to be fitted.

155



Figure 5.11a shows a window accepted despite a low VAF. The algorithm fails

properly to fit a response due to noise visible as the frequent drop-outs on the UA

signal, possibly caused by loss of sensor contact. However there is a strong correlation

between these contractions and the associated decelerations, and the resulting IRF

is retained. In figure 5.11b the window was rejected despite having a high VAF. In

this window the contraction shapes are unclear and it is difficult to identify which

decelerations are matched to which contraction events.

The disadvantage of this method is that one in twenty windows containing no infor-

mation will be accepted as valid, and that in circumstances where low VAF windows

are accepted, the actual IRF may not contain accurate information. In both cases the

IRF found was of an unexpected shape - either a ”W” or sinusoid.

5.3.2 Comparison with the literature

Case visualisation

Warrick et al. presented individual cases using a modified waterfall plot, shown in

Figure 5.12, which present a the data in a highly compact and readable manner. They

noted that the IRFs of cases presented with a large BD at birth experienced shorter

delays and larger gains towards partum, whereas healthy cases presented a much more

consistent pattern. Using 3-D plots can mask some information, so cases in this study

are presented as 2-D surface plots. Two such surfaces are shown in Figure 5.13 for

a single case with birth pH ≥ 7.1 and a single case with pH <s 7.1. These results

demonstrate the same pattern of decreased delay and increased gain towards partum

observed in the literature.

Though these plots are useful in reviewing cases, analyses made using them are
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(a) A pathological case (b) A healthy case

Figure 5.12: The discovered IRFs reported in the literature [195]. On the left an
adverse case is shown, exhibiting larger responses and a shorter delay as birth ap-
proached. On the right a healthy example is shown, maintaining a constant response
function throughout the labour.

subjective, based on trends in the delay and gain properties. The greatest distinctions

made appear in the final windows, and would be hard to distinguish from healthy

variation in a live environment.

Evolution of IRF features

Warrick et al. [195] also investigated the mean and standard error of features of the

IRF in the 3 hours up to partum, which are reproduced in Figure 5.15. Each window

was assessed for significance differences between classes using a Kolmogorov-Smirnov

(KS) test and samples passing at p < 0.05 are highlighted with an asterisk on the

x-axis.

These results were compared with results found using the OCFMT database in

Figure 5.14.. The mean and standard error of each feature was plotted across all

windows and data in each window tested using a KS test, for differences between

the healthy and adverse data. Windows passing this test at p < 0.05 were highlighted
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(b) A healthy case

Figure 5.13: The discovered IRFs for selected cases from the Oxford Database are
shown as surface intensity plots. Agreeing with the literature, the pathological case
shows an increase in response intensity and a shorter delay towards partum, where the
healthy cases IRF remained stable.
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using an asterisk. To provide larger numbers in the adverse class the data were divided

into groups with pH< 7.1 and pH≥ 7.1 giving 626 and 6,942 negative and positive

cases respectively.

The VAF values identified in the two trials were similar, being in the range 32-40%

in this study and 20-40% in the literature. An upwards trend was observed on both

healthy VAF datasets from window -10 onwards, though the baseline rate in this study

was higher, at 33% against 27%. The distinction between the positive and negative

cases were not significant in this study, and not significant in windows beyond the 7th

in the literature.

A gradual shift across the entire birth which was visible across all features except

for the IRF memory. This shift was divided into two segments. Features in the first

segment, between windows 11-22, are roughly stable or slowly evolving. In the second

segment the change is much more rapid. The average second stage of labour roughly

lasts 3 hours, and marks a change in the dynamics of labour with increased contraction

duration and intensity. During this stage the mother will be encouraged to push in

time with contractions, so this stage will also include additional effort from the mother.

Therefore the shift in trajectory observed may be correlated with the start of the second

stage of labour, which is examined further in Section 5.4.2. Warrick et al. [195] found

healthy windows to have a delay between -10 and -20 seconds, which remained steady

throughout the entire labour. This study noted a decline in delay towards partum,

being especially notable in the final three windows. However as shown in Section 5.4

pH was sensitive to delay, but not to clinical output. This may indicate that a high

base deficit also does not effect delay.

Values of gain were in general larger in this study, ranging from -0.4 to -0.85bpm/%

against -0.1 to -0.3bpm/% for healthy cases identified by Warrick et al. in Figure 5.15.
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Figure 5.14: The evolution of IRF properties for cases with pH ≥ 7.1, shown in green,
and < 7.1, shown in red. Features included are (a) delay, (b) memory, (c) gain, (d)
VAF, (e) TV, and (f) MDL. Birth occurs at the end of window 0, with the start of
window 22, 4 hours prior. Standard error bars are plotted, and windows which passed
a Kolmogorov-Smirmov significance test at p < 0.05 are highlighted with an asterisk.
Significant differences between windows were observed for the TV and MDL values
in particular in later windows. The delay values became lower for adverse cases as
partum approached.
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Figure 5.15: The progression of 5 IRF parameters reported by Warrick et al. [195].
The parameters in the top row are, from left to right, the VAF, the VAF calculated on
a low pass filtered version of the FHR data, and the Memory. On the bottom row are
Gain and Delay. For each window, standard error bars are also shown. Parameters
found to be significantly different between the classes using a KS significance test
with p < 0.05 are highlighted with an asterisk. Throughout the majority of labour
significant differences were observed between the classes, in particular the delay. The
VAF was greater for adverse cases, indicating that their responses were easier to model.
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The adverse cases exhibited a lower gain overall throughout the entire course of the

labour, though not significantly so until windows -7 to -4. In both studies, an increase

in the gain was observed in adverse cases only, and occurred between windows 10 and

5, though the effect was less clear in this study.

This represents the time period 120-60 minutes before birth, shortly after the ex-

pected start of the second stage of labour. This also supports the suggestion that

the timing of stage 2 labour is an important predictor. The two newly introduced

features, the TV and MDL, produced the greatest number of significantly different

window. The variability was more than double the baseline value at partum, and the

MDL appeared to increase exponentially towards birth.

5.4 IRF properties as features

To assess which features may be of greatest impact EveREst plots were used to visualise

the variations of the proportions of each class with each of the features. Of these

features delay, memory, VAF, and MDL are shown in Figure 5.16. The remaining

distributions were similar to the VAF distribution and are not shown.

In previous studies the delay was shown to be greater (more negative) for patho-

logical cases [195]. This same effect is observed in these results with 14% of cases

having a delay < −9 samples being born with pH<7.1, versus 6% for those with val-

ues ≥ −2. This effect is more strongly pronounced for the pH value than for the

clinical assessment.

In the literature the VAF was shown typically to be higher for cases with a base

deficit ≥ 12mmol/L than for those with a deficit ≤ 8mmol/L, and the delay was in

general longer for these pathological cases [195]. It was theorised that a weakened
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Figure 5.16: EveREst plots of features of the IRF. Three outcome classes were identi-
fied based on indicators of hypoxia; low pH, clinical assessment, and cases where both
indicators were present. The median value of the final three windows was selected
for each case, which represented the final 40 minutes of labour. More negative delay
values were associated with an increase in low pH incidence rates. Extremely short or
long model orders showed an increase in low pH incidence, but not with compromise.
The MDL showed the strongest response, with both compromise and low pH having
increased incidence rates at high MDL values.

163



system will more closely track the input as a healthy system required a smaller com-

pensatory response, causing adverse cases to show a higher VAF [195]. The VAF values

in this study were weakly correlated with the clinical outcome, and showed no corre-

lation with the pH value. This result indicates that the different measures of clinical

outcome are sensitive to different features of the signal, in this case the success of the

model fit.

The memory shows the opposite effect: there is little change in the proportion of

adverse clinical outcomes in each bin but the pH value changes. This effect was missed

previously as it was assumed that the two groups would be linearly separable, and have

different means. Unique among all of these plots, the memory appears to show a safe

region, with memories between 17 and 19.5 samples having a 5% risk and those on the

extreme values up to 13%. The models created may be falling into groups either side

of the normal or may simply have a much greater spread.

The most significant distinction between classes was found in the MDL in Fig-

ure 5.16. At the top end of values the likelihood of belonging to the adverse classes

rises exponentially. The feature is strongly discriminatory for both clinical assessment

and pH value, and hence performs well on cases defined as pathological. The MDL

is strongly linked to the model’s performance, but also the complexity of the incom-

ing signal. In Section 5.4.1 this is further investigated and compared to the other

complexity measures found using OxSys such as entropy, which have been found to

perform well as a feature. A histogram of memory values in the final three windows is

shown in Figure 5.17(a). The memory appears to split into three groups, each with a

normal distribution, though only two are visible in the healthy data. The first low pH

grouping peaks at 14 samples, compared with 16.5 for the healthy group. The central

group for both lies at 21 samples, and the third low pH group lies above 26 samples.
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Figure 5.17: Histograms of (a): the median model memory, and (b): the median model
delay found in the final 3 windows using the SI algorithm and the OCFMT Database.
In each plot healthy subjects are plotted in green, and those pathological in red. Three
clusters of memory are observed, with the lower cluster having a lower peak for adverse
cases. Adverse cases showed two peaks of delay values, indicating there are two groups
of responses, some of which have the same delay as healthy cases, the second roughly
10 seconds faster.

A shorter memory indicates a shorter duration response, or in this case, a deceleration

which finishes sooner after a contraction.

In Figure 5.17 (b) peaks in the mean of the delay histogram shows two distinct

groups appearing. The first group has a centre at -7, the second at 0 along with the

centre of the distribution of normal cases. This potentially represents two groups of

adverse cases; those where the hypoxia has caused the response to a contraction to

slow or flatten, and those behaving similarly to healthy cases.

5.4.1 Correlation with existing parameters

To compare performance of the method against existing parameters in the OCFMT

database for each case, the method was run with the window length adjusted to 15

minutes, and the step size to 5 minutes. A requirement of new features is that they
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Figure 5.18: The correlation between features including only cases which had valid
values for all features, totalling 1,941 cases. Properties of the IRF were weakly corre-
lated with the existing features, though there were stronger correlations between IRF
features.

do not overlap with existing features, which was checked by finding the correlation

between each pair of features as shown in Figure 5.18.

To maximise the number of valid samples the median of the value for the final 4

windows of each case was found. After removing cases lost to insufficient data for the

SI method, or a lack of accelerations (and hence acceleration features), the number of

cases used in the correlation comparison was 1,941.

As expected there was a strong correlation (0.7293) between VAF and the reduced
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VAF, between gain and total variation (0.6706), and between gain and the maximum

coefficient (0.8916). There was a notable correlation between the IRF length and the

position of the maximum (0.5285). In comparison to the existing features, outside of

the MDL no correlation exceeded 0.2739. The MDL however showed some relation to

the maximum deceleration amplitude (0.5949), the deceleration duration (0.6499) and

the minimum expected value (0.5620).

The immediate implication is that the MDL is related to the size of the deceleration,

and that a larger deceleration requires a more complicated model. The MDL is also

related to the recovery slope, and the presence of shouldering in the deceleration and

less so to the beats lost or deceleration area.

That these new features are at best weakly correlated with existing features sug-

gests that they are capturing information not yet recorded in any of the existing

features, or at least strongly by any single existing feature. This indicates that they

may be used to improve absolute classifier performance in some combination with the

existing feature sets.

5.4.2 Correct choice of alignment

The results in Section 5.3.2 suggest that the stage of labour impacted the evolution of

the IRFs and their properties. To better visualise the impact of stage on these features

the case windows were aligned around the transition between stages 1 and 2.

In Figure 5.19 the features are shifted so that the onset of stage 2 labour occurs at

index 0, with any shifts greater than 23 grouped together into the 23 bin, this group

including only 3% of cases. When lined up in this fashion the trends in IRF features

become linear.
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The number of values in each window bin drop towards the extremities of the index

which represent extremely long or short second stages as these are understandably less

common. The number of validated windows in the adverse group peaks at 204, and

windows from either groups with less than 50 samples were removed from consideration

when fitting regressions.

Over most features, such as gain and VAF, the trajectories of the trends were similar

for both classes. For two of the features however, the trajectories of the features were

significantly different, delay and MDL.

Again the MDL is the most discriminative feature, with a good fit (r2 = 0.917 and

0.942 for healthy and adverse classes respectively) and visibly diverging lines. In delay

a stronger fit was found for low pH cases than for healthy cases (r2 = 0.625 and 0.283).

Cases born with a healthy pH (≥ 7.1) showed little change in delay, indicating that

they continued to respond rapidly to contractions unlike low pH cases whose response

was gradually becoming slower potentially indicating a loss in function of the quick

responding baroreceptor reflex. High delay IRFs can be matched to late contractions,

an indicator of fetal distress.

The increase in gain suggests that the response to contractions intensifies through-

out the average labour. The baroreceptor head compression response is proportional to

the contraction intensity, though systemic blood pressure compensation has a cut off

threshold once the umbilical cord is occluded by the contraction pressure. More likely

is that this downward trend represents the accumulation of metabolic and anaerobic

products in the blood, causing stronger chemoresponses with each contraction.

Research into the association between the length of second stage labour and fetal

outcome has not focused on pH levels at birth, but instead on perinatal outcome.

Studies of nulliparous women found either no association [27] or slight association [4]
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between nICU admission rates and labour length. In multiparous women both studies

[28, 4]found an increased risk of low 5-minute Apgar scores and neonatal Intensive

Care Unit (nICU) admission with increasing labour length from 2 to 5 hours. These

studies included all forms of neonatal morbidity. Allen et al. [4] noted that some part

of the increased fetal lactate may be due to maternal effort in the second stage of

labour.

That a large negative delay, high gain, and high MDL were all positively correlated

with low pH at birth agrees with the interpretation both that a prolonged labour

carries a greater risk to the fetus, and that the fetal condition deteriorates over the

course of labour.

5.4.3 Individual regressions

To assess whether the linear trends observed were linear for individual cases or only

that the average response formed a linear trend regressions were fitted to each case.

Cases with fewer than 4 valid windows either side of the stage transition were excluded.

This formed a new set of features: the trends, offsets, and r2 values associated

regressions fitted to each of the SI parameters. Looking at individual results for the

MDL feature, they consist of one of three patterns. A linear trend such as that shown

in Figure 5.20a, an exponential trend such as that shown in Figure 5.20c, or no visible

pattern such as that shown in Figure 5.20b. To identify exponential trends, a linear

regression was fitted to the logarithm of the features, which were first normalised to lie

in the range [eps 1], where eps is the minimum spacing between floating point numbers

in MATLAB. This was chosen as a small number with a valid log.

For each case a linear and exponential regression was found, and the r2 values
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Figure 5.19: The features of the IRF were aligned about the transition from stage 1 to
stage 2 labour, with -ve windows indicating the period after stage 2. Regression lines
were fit to the data in each class highlighting the differences in progression for each.
Only means calculated from more than 50 samples were used in regression estimation,
and are represented as crosses. Windows with less than 50 samples are shown as filled
circles. In cases where then difference between the trends was significant at p < 0.01
the p-value was reported. Trends were observed as stronly linear, with high r2 scores.
The greatest differences in trend trajectory can be seen for the MDL (a) and Delay
values (b). The gain was continually lower for adverse cases, and the TV higher,
indicating larger, less smooth reponses.
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Figure 5.20: Individual regressions for feature MDL in Figures 5.20a to 5.20c and
normalised log MDL in Figure 5.20d to 5.20f are shown on three different cases, a case
identified as displaying a linear pattern on the left, one showing no discernible pattern
in the centre, and an exponential trend on the right. For each regression the r2 score
is also shown.
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Table 5.3: The number of cases belonging to each of the three observed trends, and
the proportion of each group which were identified as low pH (< 7.1). The exponential
group had roughly double the proportion of low pH cases as the linear and patternless
groups. The total number of validated cases was 1,992, of which 169 were of low pH.

r2 Cut-off 0.5 0.7
Trend Linear Exp None Linear Exp None

Count 543 228 1221 265 86 1641
% of total 27.3% 11.5% 61.3% 13.3% 4.27% 82.38%
Low pH 8.66% 13.6% 7.45% 9.81% 15.12% 7.92%

calculated. If neither r2 value exceeded a threshold value, r2min, that cases was labelled

as having no visible trend. If the r2 value were higher for the linear regression the case

was labelled as linear, and when the r2 for the exponential fit was higher the case was

labelled exponential. The results, using two different values of r2 are shown in Table

5.3. A higher proportion of low pH cases showed an exponential trend than linear or

patternless, with increased sensitivity at higher r2 values. The step change pattern

of the exponential group was the expected response observed as described earlier in

section 5.4.2.

Groups which showed no pattern were the most common, occurring in 61.3% of

cases, which may indicate a fluctuation in the condition of the fetus, that the method

has failed to find a significant model, or even that noise which passed through the

preprocessing process is affecting the results.

The coefficients found for both fits, and a quadratic fit, were tested to see if dif-

ferences could be found between the distributions of positive and negative cases. This

was achieved using a two-sample KS test. The resulting p-value for each test is shown

in table 5.4, with the most significant values for each feature highlighted. Coefficients

from the quadratic fit were not used further in this study, as they were observed to
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be highly unstable due to the low numbers of data available. A more accurate fit was

expected using a second-order term, however the increased separation between classes

was not. Without a sufficient number of windows present in most cases, it was decided

non-linear trends would not be investigated.
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The distributions of the regression parameters were plotted for both linear and

exponential fits for the most distinctive feature, the MDL, in Figure 5.21. By this

stage the number of cases in each group was reduced to 543 linear and 228 exponential

cases.

5.4.4 Classification performance

With multiple properties of IRFs and IRF trends demonstrating significantly different

values between classes the next logical step is to assess these features as classifier

inputs. Two new sets of 6 features were formed. The first, feature set 3, consists

of the properties of identified IRFs for the window closest to partum. If the final

available window occured more than 30 minutes from partum, the case was declared

invalid. These were the gain, delay, VAF, MDL, TV, and maxCoef of IRFs calculated

as defined in Section 5.2.3. These values were successfully calculated for 1,941 cases,

and are compared against the equivalent cases using feature set 1. The two feature

sets were compared using an RF, trained and optimised using the method developed

in Chapter 4. The mean results across 10-validation folds are reported in Table 5.5.

A second set, feature set 4 was constructed using the most significant IRF parameter

trends identified in Table 5.4:

- Delay linear fit X coefficient.

- MDL exponential fit X coefficient.

- VAF linear fit X coefficient.

- Gain exponential fit X coefficient.

- TV linear fit X coefficient.
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Figure 5.21: When only cases which had achieved an r2 ≥ 0.5 were selected, the dis-
tribution of parameters values became more distinct between classes. This is demon-
strated using the MDL feature. In the top plot, the coefficients of the linear fits are
shown, coloured by class. In the bottom plot, the coefficients of the exponential fit
are shown. For the constant of the exponential fit parameter in particular a strong
distinction between values is seen.
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Table 5.5: The median classification results across 10-folds using the benchmark RF
classifier and two featuresets. Feature set 1 are 6 clinical parameters selected pre-
viously, feature set 3 being a heuristic selection of SI parameters listed in Section
5.4. This experiment was conducted using the OCFMT database with positive cases
defined as having pH < 7.1.

Measure Feature set 1 Feature set 3

Accuracy 0.721 0.700
Sensitivity 0.432 0.400
Specificity 0.737 0.722
Kappa 0.085 0.046
F-meas 0.192 0.162

Table 5.6: The median classification results across 10-folds using the benchmark RF
classifier and two featuresets. Feature set 1 are 6 clinical parameters selected previ-
ously, feature set 4 were the parameters of the feature regressions defined in Section
5.4.3. This experiment was conducted using the validated cases from the OCFMT
database, with positive cases defined as having pH < 7.1. Of the original 7,538 cases
1,992 were validated at this stage.

Measure Feature set 1 Feature set 4

Accuracy 0.714 0.700
Sensitivity 0.471 0.454
Specificity 0.745 0.725
Kappa 0.087 0.072
F-meas 0.208 0.194

- Max Value linear fit X coefficient.

This new feature set was again compared to feature set 1 using only the cases which

were successfully modelled by the SI method and additionally contained at least 5

valid windows to calculate trend fits. The resultant set contained 1,992 cases. Again

the benchmark RF classifier was trained an optimised using the method in Chapter 4.

The results are presented in Table 5.6. The new feature set performs almost as well as

the existing set, even including that fact that in most cases no meaningful trend was
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found, and improves upon the performance of feature set 3. Potentially, this result

could be improved by selecting only cases which achieved a strong fit to one of the

linear regressions.

5.5 Conclusions

A method of SI was successfully implemented, and the discovered IRF features used

to classify cases in the OCFMT database. The results demonstrated significant dif-

ferences in these features between classes, which were captured using the established

benchmark classification method. These features were not strongly correlated with

existing features indicating they may potentially be used to improve the performance

of existing methods. As individual datasets these feature did not outperform existing

features, though they have been demonstrated in the literature to outperform a feature

set constructed using Heart Rate Variability and the FHR baseline [194].

This style of investigation would not have been possible without access to a database

of this size. Investigations into class differences are hampered still by the small quan-

tity of positive cases, which resulted in a more liberal measure, pH < 7.1 being used

to define the positive class.

The linear trends observed when signals were aligned according to stage, and the

disappearance of the dip in the in the gain feature were surprising, but explained as

the total effect of three combined patterns - cases with no pattern, which represented

the majority, the linear cases, and those with an exponential offshoot after the onset

of stage 2 labour. The high number of classes showing no visible pattern suggests that

these cases were inadequately modelled, as it is expected that nearby IRFs are similar.

Linear cases can be interpreted as easier births, which did not respond to the
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increased pressure of stage 2 labour. Cases with exponential trends appear to be not

coping with labour, with increasingly severe responses after an initial delay, both in

terms of deceleration strength, captured by the gain feature, but becoming increasingly

non-linear, captured by the MDL feature.

Using the most discriminative fit parameters to classify results showed a perfor-

mance that matched the performance of the established clinical feature set, however by

this point a substantial number of cases (74%) had been removed for either failing the

SI identification process (57%) or for having too few windows for trend fitting (17%).

Within the trend subgroups the fit features showed different distributions for the two

classes, however by this stage the dataset had been diminished to 771 cases.

These methods have several shortfalls which must be addressed if they are to ever

be considered in the decision making process. The first is the large number of cases for

which no IRF could successfully be found, even with relaxed restrictions on window

quality. The second is the dependence of trend analyses on the timing of the second

stage of labour. In practice this would mean no analysis could be performed until the

onset of stage two labour. Whilst intervention in this stage is common, any method

dependent on trends will have a very short operational window.
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Chapter 6

Conclusions and Discussion
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6.1 Summary

In this work classification and system identification methods observed in the literature

were successfully implemented and compared using the OCFMT dataset. The findings

and contributions of interest from this investigation are summarized below:

• The impact of training data class imbalance was explored in Section 4.3

and its impact on individual classifier performance demonstrated. An optimal

approach to data rebalancing to maximise the expected Cohen’s kappa value

was found to be 2:1 (healthy:adverse) with 100% oversampling or 4:1 with 300%

oversampling to maximise sensitivity. Little difference was observed between

using SMOTE and re-sampling.

• A strong general classifier of CTG data was discovered in Section 4.4 by

assessing the performance of six methods across five datasets. The RF was

significantly better than all methods except the SVM, and is recommended as a

benchmark method against which future developments should be evaluated.

• The impact of thresholding based on classifier output was investigated in

Section 4.2.6. Two potential methods to threshold class decisions were developed

using absolute values and individual cases variance. Both methods demonstrated

an improvement to the classifier accuracy, at the cost of leaving roughly a third

of cases unclassified.

• The information contained in the time-series was investigated using an

HMM. The average performance of the HMM was comparable with the perfor-

mance of the benchmark classification method, but with a smaller distribution,

demonstrating that using time-series information may provide more stable esti-

mates of class than stationary methods.
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• A method of SI was implemented on externally collected data in Chap-

ter 5 using the OCFMT database. Cases identified as adverse were observed

as following a different trend through labour, with stronger and less delayed

responses as birth approached.

• The importance of the timing of the second stage was demonstrated in

Section 5.4.2. When cases were retrospectively aligned according the onset of

stage two labour significant differences in the trends followed by healthy and

adverse cases were observed. Trends in individual case parameters were found

and divided into three subgroups, linear, exponential, and patternless. When

divided in this fashion adverse cases were much more likely to display an expo-

nential trend.

• SI features were evaluated as classifier inputs in Section 5.4.4. These

features were found to not be strongly correlated with existing features, achieving

a classification performance comparable to existing feature sets.

6.2 Future Work

Though a substantial section of the process of classification was assessed when com-

paring methodologies in this Thesis, isolating the effect of classifier selection alone a

difficult task. Two sections of the classification process were ignored, hyperparameter

optimisation and the selection of features. Though the selected feature set was chosen

based on an heuristic assessment the method does run some risk of bias towards clas-

sifiers favoured on these features. Assessing and the impact of feature selection and

selection techniques on each classifiers will be a second important step in developing

a stronger benchmark.
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The impact of including time series information was promising, though the HMM

model may be inappropriate for CTG feature classification. The HMM assumes dis-

tinct states with different means and variances, not the slowly evolving features ob-

served in CTG time series. Time series models which do not make these same assump-

tions about the data may be more successful.

New classification features derived from model IRF parameters were introduced to

encapsulate time series information, and were found to not be strongly correlated with

any existing features. However for a substantial number of cases these features could

not be found, which limits the potential application of the method. Alternatives to the

CTG which are being developed must be considered, most notably abdominally ac-

quired fECG which may soon provide signal quality comparable to internally acquired

data. This, and other technologies will likely have a major impact on the future of

fetal assessment during labour.
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Appendix A

List of OxSys features

These features are extracted using the OxSys algorithms. Details of calculation of the

STV tracker can be found in Section 3.1 and the SSI in the literature [59]. Features

are listed according to their index in the software, with their type category defined as

M - morphological, T - time domain, F - frequency domain and N - non-linear.

Standard features

1. M Baseline mean

2. M % Zero difference between neighbours

3. N Approximate entropy

4. T Signal stability index (SSI)

5. M Minimal expected value

6. T Skewness of SSI Kernel density estimate (KDE)

7. T Kurtosis of SSI KDE

8. M Long-term variability

9. T SSI of the residual signal

10. T Median of STV change tracker

11. T SSI of STV tracker
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12. T Range of STV tracker

13. T STV tracker trend

14. T Median of the absolute derivative values of the STV tracker

Contraction Features

15. M Number of contractions

16. M Median of contraction duration

17. M Resting/contraction time ratio

Acceleration features

19. T Median STV tracker including accelerations

20. M Number of accelerations

21. M Mean acceleration duration

22. M Mean acceleration amplitude

Deceleration Features

23. M Number of decelerations

24. M Mean deceleration duration

25. M Maximal deceleration duration

26. M Median deceleration duration

27. M Maximal deceleration amplitude

28. M Mean time to deceleration nadir (t1)

29. M Mean time to recovery (t2)

30. M Maximal time to recovery

31. M Number of quick recoveries (t1 ≥ t2)

32. M Number of slow recoveries (t2 > t1)

33. M Resting/deceleration time ratio
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34. M Mean deceleration area

35. M Total number of beats lost

36. M Median onset slope

37. M Median recovery slope

38. M Maximal baseline shift after decel

39. M Number of prolonged decelerations (≥ 3minutes)

Overshoot Features

40. M Number of decelerations with right and/or left shoulders

41. M Number of decelerations with only right shoulders

Lag Features

42. M Number of early decelerations

43. M Number of late decelerations

44. M Number of variable decelerations

45. M Median recovery time after contraction end

46. M Median lag time (for late decelerations only)

47. M Deceleration/contraction ratio

Identified by Fulcher et al. [55]

48. N Mutual information

49. N Ratio of STD

50. N Mean of local approximate entropy

51. N STD of local sample entropy

52. N Goodness of exponential fit

53. N 2-dim time delay embedding space

54. N MAD
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55. N (STD/Mean) squared

56. N Alphabet feature

Identified by Xu et al. [202]

57. N SVM output

58. T Interquartile smoothed signal

59. N STD of Gaussian filter

Sinusoidal FHR pattern classifiers [149]

60. N Regmeas - Sinusoidal pattern classifier output

Phase Rectified Signal Averaging (PRSA) features [58]

61. N PRSA - Decelerative component

62. N Bivariate PRSA (BPRSA) - Standard deviation of accelerative component

63. N BPRSA - Decelerative component

CTG guideline classes [5]

64. N ACOG class (1-3 = normal/suspicious/pathological)
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Appendix B

List of UCI Database Features

The UCI database does not provide raw CTG tracings, but a single pre-calculated

feature vector for each case. Cases are labelled according to a three-tiered clinician

assessment as normal, suspicious, or pathological. Details of the features can be found

in the literature [9]. Features are labelled with the same class codes as the OxSys

featureset in Appendix A.

1. M FHR baseline (bpm)

2. M Number of accelerations per second

3. M Number of fetal movements per second

4. M Number of uterine contractions per second

5. M Number of light decelerations per second

6. M Number of severe decelerations per second

7. M Number of prolongued decelerations per second

8. M Percentage of time with abnormal short term variability

9. M Mean value of short term variability

10. M Percentage of time with abnormal long term variability

11. M Mean value of long term variability

189



12. T Width of FHR histogram

13. T Minimum of FHR histogram

14. T Maximum of FHR histogram

15. T Number of histogram peaks

16. T Number of histogram zeros

17. T FHR histogram mode

18. T FHR histogram mean

19. T FHR histogram median

20. T FHR histogram variance

21. T FHR histogram tendency

22. N CLASS - FHR pattern class code
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