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Abstract

Pregnancy-related complications affect approximately 15% of pregnancies and, if se-

vere, can have long-term consequences. Timely recognition of physiological deterioration

is known to reduce the prevalence and severity of complications. However pregnancy-

associated changes in vital signs (blood pressure, heart rate, temperature, oxygen satu-

ration, and respiratory rate) complicate the detection of abnormal physiology, and these

changes are not well documented. This thesis describes the development of algorithms to

ensure the collection of good-quality vital-sign data during the antenatal and postnatal

stages of pregnancy, and the design of an evidence-based obstetric early warning score.

Vital-sign information from 1,000 pregnant women during pregnancy, labour, and

after delivery was collected during the 4P study using pulse oximetry, oscillometry for

blood pressure measurement and a tympanic thermometer. Dynamic time warping was

used to assess beat-by-beat quality in the photoplethysmograph (PPG) waveform ob-

tained from the pulse oximeter. The resulting signal quality index enabled the exclusion

of poor-quality sections and their associated measurements of heart rate and peripheral

oxygen saturation. A robust measurement of respiratory rate was obtained by combining

information from the PPG waveform, and accelerometer and gyroscope waveforms from

a smartphone. After processing, frequency-based techniques, such as Fourier analysis

and auto-regressive modelling, and time-domain peak detection were fused to estimate

respiratory rate. When compared with the reference respiratory rate obtained from

midwife measurement, the lowest mean absolute error of 1.16 breaths per minute was

obtained from respiratory rate estimates from the y-axis of the gyroscope.

Antenatal and postnatal reference ranges for each vital sign were developed with

a standard polynomial multilevel (hierarchical) model using 10,000 vital sign measure-

ments from 620 healthy women in the 4P study. Vital-sign trajectories confirmed known

trends of blood pressure and heart rate changes during pregnancy, and provided new

information about other vital-sign trends. Additional covariates were included to inves-

tigate the effect of parity and body mass index (BMI) on vital-sign trends. The outer

centiles of the vital sign reference ranges were used to design an obstetric early warning

score (C-ObsEWS) that took into account gestational age or time after delivery.

The investigations in this thesis contribute additional knowledge of pregnancy-assoc-

iated vital-sign changes, and lead to an initial proposal for an evidence-based obstetric

early warning score specific to the stage of pregnancy.
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Chapter 1

Introduction

It was not long ago when having a baby was one of the most dangerous things a

woman could do. Maternal health has been a global focus for the last 20 years, from

which there have been huge worldwide reductions in the number of deaths occurring

during pregnancy or in the six weeks after delivery (maternal mortality). The United

Nation’s 5th Millennium Development Goal aimed to reduce the worldwide maternal

mortality ratio (the number of maternal deaths per live births) by 75% from the year

1990 to 2015. This ambitious goal was not met, partly hindered by lack of structured

healthcare services in developing countries [1]. Yet the maternal mortality ratio still

reduced globally by 44% from 1990 to 2015, with huge leaps in Southern Asia (a reduction

of 64%) and sub-Saraharan Africa (49%) [2]. In most developed countries, the rate of

maternal mortality has now fallen to around 20 in 100,000 pregnancies [3].

Despite the reduction in maternal mortality, many women still experience complica-

tions during pregnancy which can endanger the health of the baby, and have long-term

consequences for the mother. Pregnancy-related complications are estimated to affect

around 15% of pregnancies globally, and include severe infection, loss of blood, high

blood pressure, and gestational diabetes [4]. In developed countries, the risk of a woman

developing a pregnancy complication is increasing due to demographic factors, such

as increased age and weight at the time of pregnancy, and an increased prevalence of

1
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chronic diseases, such as heart disease [5]. Women who are at risk of developing a

pregnancy-related complication need access to good quality maternity services that can

act promptly in the case of an emergency. A delay in diagnosis, incomplete assessment,

and failure to detect deterioration are common reasons for maternal complications to

become severe [6]. Current hospital systems to detect physiological deterioration for

obstetric (pregnant or recently pregnant) populations vary by region and are usually

only informed by local expert opinion. To further reduce the burden of health problems

from pregnancy, the maternal health focus needs to include pregnancy-related compli-

cations. The focus of this thesis is the creation of an evidence-based alerting system for

the monitoring of obstetric inpatients.

In order to create an alerting system, one needs to decide which physiological param-

eters to monitor, and have knowledge of their normal ranges during pregnancy. Guide-

lines in the UK suggest five vital signs for routine monitoring: blood pressure, heart

rate, oxygen saturation, temperature and respiratory rate [7]. These measurements can

be quickly obtained from non-invasive devices, thus are suitable for bedside monitoring

and also for inclusion in an alerting system. A review of the current literature of vital

sign trends in pregnancy reveals that pregnancy physiology remains largely unknown.

Observational studies of blood pressure and heart rate during pregnancy have been reg-

ularly performed, but these are often small local studies and do not provide a consensus

on population trends. Little information for the remaining vital signs exists, particularly

in the period immediately after delivery.

The gap in knowledge regarding vital sign changes in pregnancy led to the design of

the 4P (Pregnancy Physiology Pattern Prediction) study, a multi-centre, longitudinal

observational study of 1,000 women experiencing a normal pregnancy. The study began

in Oxford in 2012 and the last woman was recruited in December 2016. Data cleaning

and analysis is expected to be completed by July 2017. Vital-sign data from the 4P study
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(and demographic information for the women taking part) will form a large database of

physiological data during pregnancy, delivery, and the two weeks after delivery.

Good-quality data is essential. The vital-sign measurement system in the 4P study

relied on equipment regularly used in the maternity hospital to reflect the quality of

current clinical practice. In addition, mobile technology was employed to enable remote

monitoring by the woman at home, and midwife review from the clinic. Importantly,

a robust, automatic measure of respiratory rate is required. Current clinical practice is

midwife observation of chest wall movement for 15 or 30 seconds which does not provide

adequate resolution of the number of breaths per minute [8]. Respiratory rate is the only

vital sign not routinely measured with an electronic device. The acquisition of good-

quality vital-sign data including accurate values of respiratory rate during pregnancy

and after delivery will enable us to design an evidence-based obstetric alerting system

as described in the later chapters of this thesis.

Overview of thesis:

The structure of this thesis is as follows. In Chapter 2 we provide background on

maternity health and care in the UK, introduce the reader to the concept of an early

warning score (EWS), and review the literature of known vital sign changes in pregnancy.

In Chapter 3 we introduce the 4P study and the dataset used in this thesis. We also

develop quality metrics for the pulse oximeter device to ensure good quality data. In

Chapter 4 we develop a robust method for the measurement of respiratory rate using

information from the pulse oximeter, and the in-built accelerometer and gyroscope in

a mobile phone. In Chapter 5 we create reference ranges for each vital sign trajectory

during pregnancy and in the two weeks after delivery using multilevel models. These

models take into account the hierarchical structure of longitudinal data and allow the

analysis of women’s individual vital sign trends. In Chapter 6 we translate the vital-

sign reference ranges into an obstetric alerting system that can be used in clinical care.
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In Chapter 7 we explore the correlation between vital signs in a multivariate model,

also based on the multilevel hierarchical structure. We develop a continuous measure

of physiological abnormality and compare the results with the obstetric alerting system.

Finally, in Chapter 8 we conclude and provide directions for future work.



Chapter 2

Maternal health and vital sign
monitoring

2.1 Maternal health and care in the UK

The most common reason for admission to hospital in England is to have a baby. In

2015 there were 697,852 live births in England and Wales, each of which cost the NHS1

around £3,700 [9]. Pregnant women receive care from a range of healthcare professionals

at multiple time points during pregnancy and after the baby is born (Figure 2.1).

The antenatal (or antepartum) period is the time from conception to delivery, or the

period of fetal gestation. The stage of gestation is measured in weeks+days, and lasts an

average of 40+0 weeks. Expected delivery date (EDD) is calculated from crown-rump

measurement (by ultrasound) between 10+0 and 13+6 [10]. The first point of contact for

a pregnant woman with a healthcare professional is usually her GP at some time between

7 and 9 weeks gestation. She is then transferred to community midwifery care where

she will receive around 7 home visits during her pregnancy. Ultrasound scans are offered

at around 12 and 20 weeks gestation. Antenatal care is designed to be woman-centred,

empowering the mother to make informed choices during her pregnancy [11].

The postnatal (or postpartum) period, also called the puerperium, is medically recog-

1The national public health service in the UK is called the National Health Service (NHS), founded
in 1948.

5
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nised as a time of six weeks (42 days) after childbirth when the mother’s organs return

to their original non-pregnant position. The present day brings modern medical insti-

tutional systems that have largely replaced family, community, and religious experts in

providing care for the mother during this time [12]. Most women in the UK give birth

in hospitals or maternity centres (87% in 2012 [9]) where they spend just a couple of

days before returning home. Postnatal care is primarily provided by the midwife, and

includes routine clinical examination and observation of the woman and her baby, rou-

tine infant screening and ongoing information and support, most of which takes place

in the woman’s home [13].

Present-day guidelines for good maternity care are set by the National Institute of

Care and Excellence (NICE) and the Royal College of Obstetricians and Gynaecologists

(RCOG). These are often informed by international guidelines published by the World

Health Organisation (WHO). Obstetrics is the field of study relating to pregnancy, child-

birth and the six weeks after delivery.

Figure 2.1: Summary of maternal care pathway in the UK. Reproduced from [9].
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2.1.1 Causes of maternal mortality

Every triennium, the Confidential Enquiry into Maternal Deaths in the UK (CEMD)

takes place. Started in 1952, the CEMD is the longest running maternal audit pro-

gramme in the world, and has seen a reduction in rate of maternal mortality2 from 90

per 100,000 maternities (1952-1954) to 8.54 (2012-2014) [14, 15]. The Enquiry is now

run by MBRRACE-UK3 (as of 2014) and is updated every year. The latest CEMD

(published in December 2016) covered the triennium 2012-2014 [14].

Maternal deaths can be directly related to obstetric complications of the pregnant

state, or from an indirect cause such as a previous existing disease [3]. The main causes

of maternal death in the last triennium were cardiac disease, sepsis and neurological

conditions (Figure 2.2). 24% of the deaths occurred in the 24 hours after delivery, and

51% in the 6 weeks after delivery. The postpartum period is most dangerous for maternal

health and yet little is known about the expected physiological changes during this time.

2.1.2 The burden of pregnancy-related complications

While the rate of maternal mortality in the UK and most other developed countries

is now low, the burden of effects from pregnancy-related complications (morbidities)

remains high [4, 16]. It is difficult to estimate the global impact of maternal morbidity,

primarily because it is difficult to define. In 2011, the WHO attempted to define cases

of severe maternal morbidity, labelling them “near-miss” deaths. Then in 2016, a WHO

working group developed a wider definition of maternal morbidity to encompass those

less severe cases [17]. Maternal morbidity is now globally defined as “any health condition

attributed to and/or complicating pregnancy and childbirth that has a negative impact

2Maternal mortality is the death of a woman while pregnant or within 42 days of the end of pregnancy
from any cause related to or aggravated by the pregnancy or its management, but not from accidental
or incidental causes.

3MBRRACE-UK is a national collaborative programme which involves the surveillance and investi-
gation of maternal deaths, stillbirths and infant deaths.
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Figure 2.2: Direct and indirect causes of maternal deaths in the UK for 2012-2014. Data
from [14]. Genital tract sepsis is the only form of sepsis considered a direct maternal death.
Maternal deaths by suicide (a psychiatric cause) are now considered a direct maternal death
(as of 2016).

on the woman’s wellbeing and/or functioning”. Along with this definition, the working

group produced a framework through which morbidities and their associated symptoms

and treatments could be recorded so that the impact both to the woman and the health

system could be understood.

The long-term effects of pregnancy-related complications are of growing concern.

Poor management of complications can increase severity and lead to chronic conditions.

Obstetric complications are also associated with an increased risk of postpartum de-

pression [18]. It is therefore a global interest to reduce both maternal mortality and

morbidity, and reduce the severity of complications.

In the UK, the number of maternal morbidities remains high primarily as a result

of demographic trends. These include an increasing maternal age, increasing rate of

obesity (measured by Body Mass Index, BMI4), and a shift towards a more ethnically

diverse maternity population [5]. A quarter of live births in the UK in 2015 were to

non-UK born mothers [16]. Furthermore, there has been an increase in the prevalence

4BMI is weight divided by height squared, measured in kgm−2.
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of chronic conditions, such as cardiac disease and diabetes, which are associated with

higher rates of maternal mortality and morbidity.

Women deemed to have a high-risk of maternal morbidity require greater clinical in-

volvement. While low-risk women are typically cared for by their GP and local midwifery

team, women with complex pregnancies should receive more frequent care from a multi-

disciplinary team [6]. In addition to a midwife, such teams may include an obstetrician,

obstetric anaethetist, surgeon, and other healthcare professionals as required (e.g. phys-

iotherapists and nutritionists). If a woman develops a severe pregnancy complication,

she will likely require admission to an obstetric intensive care unit (ICU).

Below we present definitions for three of the most common pregnancy-related compli-

cations relevant to the research described in this thesis: sepsis, postpartum haemorrhage,

and hypertension [19, 20, 21].

Sepsis

Sepsis is a severe infection which can lead to physiological deterioration, and ultimately

death. During the 19th century, maternal sepsis took on epidemic proportions, particu-

larly in centres where women stayed for several days after delivery [22]. Rates declined

with the introduction of antibiotics, yet it is still a leading cause of maternal death in

the UK (although only genital tract sepsis is considered a direct maternal death). Sepsis

is of particular concern in the postpartum period accounting for 82% of deaths from

maternal sepsis in 2009-2011 in the UK [6]. It is thought that for every death, approxi-

mately 50 women have life-threatening morbidity from sepsis [23]. The most significant

long-term effect of genital tract sepsis is infertility, estimated to affect 450,000 women

globally each year [22].

The definition of sepsis was standardised in 1992 [24]. Sepsis is now described as a

continuum in four stages: Systemic Inflammatory Response Syndrome (SIRS), sepsis,

severe sepsis and septic shock.
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• SIRS criteria are defined as two of: high or low temperature, high respiratory

rate, high heart rate, or a high white blood cell count.

• Sepsis is the presence of an infection with SIRS.

• Severe sepsis is sepsis associated with organ dysfunction or low blood pressure

(hypotension).

• Septic shock is sepsis associated with persistent hypotension that does not recover

with fluid resuscitation.

A study of all severe sepsis incidents in the UK found that severe sepsis progressed very

quickly from initial signs of SIRS; in 80% of cases it was less than 24 hours [23].

Postpartum haemorrhage

A postpartum haemorrhage (PPH) is excessive bleeding after delivery. It is the most

common type of major obstetric haemorrhage and is the leading cause of worldwide

maternal mortality [25]. Mortality due to PPH disproportionally affects developing

regions (99.7% of cases), however the morbidity associated with severe haemorrhage

remains a major problem worldwide [6]. Compared to a woman with no complications,

a woman with severe PPH is more likely to develop acute renal failure, postpartum sepsis,

severe anaemia or be admitted to ICU [26, 22]. In England, PPH affected 13% of all

maternities from 2011-2012 [6], and severe PPH is estimated to affect 1-2% of worldwide

maternities [27]. Both in the UK and internationally the incidence of recorded PPH is

increasing.

The RCOG define PPH as a blood loss of 500ml or more from the genital tract after

delivery of the baby. If delivery was by caesarean-section5, the threshold for PPH is

1000ml. Severe PPH is more than 2000ml of blood loss after delivery. The term “pri-

mary” is used to describe PPH that occurs within 24 hours of delivery, and “secondary”

is a haemorrhage occurring between 24 hours and 12 weeks after delivery [28, 29].

5A caesarean-section is where the baby is extracted by an operation, rather than passing through
the birth canal.
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Gestational hypertension and pre-eclampsia

Hypertension means elevated blood pressure, indicated by either a high systolic blood

pressure or a high diastolic blood pressure6. Gestational hypertension is the new onset

of hypertension in pregnancy (after 20 weeks gestation), and affects approximately 10%

of pregnancies [30]. Women who are nulliparous7, aged 40 years or older, have a BMI

of more than 35 kgm−2, or carrying a multiple pregnancy are at most risk of developing

gestational hypertension [31].

In 2010, NICE set out guidelines to define and manage hypertension in pregnancy.

Mild hypertension is diagnosed at a blood pressure higher than 140/90mmHg (systolic/-

diastolic). Treatment is initiated at 150/100mmHg (or 140/90mmHg with organ failure)

and severe hypertension is diagnosed at 160/110mmHg. Pre-eclampsia is gestational hy-

pertension with the additional presence of significant proteinuria8. Severe pre-eclampsia

is pre-eclampsia with severe hypertension or biochemical or haematological impairment

[31]. Gestational hypertension, pre-eclampsia, and severe pre-eclampsia, are collectively

referred to as the Hypertensive Disorders of Pregnancy (HDP).

Gestational hypertension can be managed with routine monitoring and anti-hypertensive

medication. However, once proteinuria develops (i.e. pre-eclampsia), the outcome for

the mother deteriorates. Pre-eclampsia can lead to renal failure, stroke, cardiac arrest,

liver failure and eclampsia (seizures) [32]. Long-term consequences for women with HDP

are also concerning, such as an increased risk of chronic hypertension and cardiovascu-

lar disease [31]. Good blood pressure management in the postpartum period to reduce

blood pressure to pre-pregnancy levels is essential to reduce the prevalence of long-term

effects [33].

6The terms systolic blood pressure and diastolic blood pressure are detailed in Section 2.3.1.
7Parity is the number of previous births at ≥ 20+0 weeks gestation. Nulliparous refers to women

with a parity of 0, multiparous refers to women with a parity ≥ 1.
8Protein in the urine. A significant amount is more than 300mg recorded in 24 hours.
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2.2 Identifying physiological deterioration

Maternal morbidity, like maternal mortality, is associated with a high rate of preventabil-

ity. With timely identification and intervention, the prevalence of pregnancy-related

complications, and their severity, can be reduced.

It is well known that physiological deterioration precedes critical illness [34, 35]. In

the previous section we presented three of the most common pregnancy-related compli-

cations: maternal sepsis, postpartum haemorrhage, and hypertension. Vital sign deteri-

oration is an indication for all three of these complications. Since 2007, CEMD reports

have recommended routine monitoring of the five vital signs advocated by NICE: blood

pressure, heart rate, temperature, oxygen saturation and respiratory rate9 [36, 7]. The

system for detecting deterioration must be coupled with a system for escalation of care

to deal with in-hospital emergencies. Rapid Response Systems are hospital-wide sys-

tems that combine the detection and then treatment of patients in crisis, before adverse

consequences arise.

To improve early recognition of unexpected deterioration, track-and-trigger warning

systems were introduced in general wards (non-ICU wards). Their purpose is to secure

the timely presence of skilled clinical help for those patients with deteriorating phys-

iology [37]. Track-and-trigger systems measure and record a physiological parameter

(track) and initiate an appropriate response if a pre-determined threshold is reached

(the trigger). Gao et al. [38] performed a systematic review of all track-and-trigger

systems published in the literature up until 2007, and identified two main groups of

criteria. Single-parameter systems consist of a single cut-off value for each parameter,

such that a response is initiated for any one abnormal measurement [39]. These systems

are used by Medical Emergency Teams, common in Australia and the USA. Aggregate

9The measurement of vital signs and their expected changes during pregnancy will be introduced in
Section 2.3.



Chapter 2 - Maternal health and vital sign monitoring 13

scoring systems assign weights to each physiological variable depending on its degree of

abnormality. The weights for each parameter are then summed to produce an aggregate

score which is compared with a trigger threshold for initiating a clinical response [40].

A variation of the aggregate scoring system, where a response is also triggered if an

individual parameter is scored at the highest level, is sometimes called a combination

system.

Single-parameter systems trigger a single-response strategy, while aggregate scoring

systems produce a “score” which allows for a graded response strategy. Aggregate

scoring systems are based on the evidence that simultaneous disturbances in multiple

physiological parameters tend to be more commonly observed preceding acute illnesses

than a significant disturbance of a single physiological parameter in isolation [40]. The

most common form of track-and-trigger system used in the UK is the Early Warning

Score (EWS), an aggregate scoring system [38].

Track-and-trigger systems have been adapted for different settings, such as paedi-

atrics and maternity, and for different hospitals [41]. Adaptions of thresholds are usually

driven by expert clinical opinion, and considerable variation exists between the types of

systems in use. This variation indicates the need for data-drien approaches to develop

and validate standardised systems. The UK has recently developed and implemented

a standardised track-and-trigger system for the general adult population (NEWS, see

Section 2.2.2).

2.2.1 Validation of track-and-trigger systems

For track-and-trigger systems to be an effective and useful clinical tool, they must direct

constrained clinical resources to those patients who will benefit most from immediate

intervention. Validation usually involves assessing whether a track-and-trigger system

can predict which patients, if no intervention is performed, would be likely to experience

an undesired outcome. In these studies, the track-and-trigger system is treated as a
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binary classifier where the outcome is positive (adverse event) or negative (absence of

an adverse event). Clinical outcomes commonly assessed are: death within a given period

(usually 24 hours) from the vital sign measurements, admission to ICU, or development

of a specific disease or complication. In obstetrics the rate of maternal mortality is

low, so an appropriate measure could be admission to ICU which would identify most

pregnancy-related complications. The validation process requires a large dataset with

correct outcome labels.

The metrics commonly used to evaluate a binary classifier, such as a track-and-trigger

system, are described by the confusion matrix in Table 2.1. The predicted outcome

(whether or not the track-and-trigger system triggered a response) is compared with the

true outcome, the adverse event. If the adverse event was correctly identified it is a true

positive (TP), if the absence of an event was correctly identified it is a true negative

(TN). If an adverse event was predicted but it did not occur, the prediction is a false

positive (FP) and conversely if an adverse event occurred but was not predicted, it is

marked as a false negative (FN). There are four commonly derived metrics:

• Sensitivity (true positive rate): the proportion of patients with the adverse

event who generated an alert, the true positive rate.

• Specificity (true negative rate): the proportion of patients without the adverse

event who did not generate an alert. (1 - specificity) is the false alarm rate, i.e.

the proportion of patients that generated an alert unnecessarily.

• Positive predictive value (PPV): the proportion of positive cases that were

correctly identified.

• Negative predictive value (NPV): the proportion of negative cases that were

correctly identified.

The prevalence of a condition is the frequency of its occurrence in a population.

Sensitivity and specificity do not depend on the prevalence of the event being tested for.

However, the positive predictive value does depend on the prevalence of the condition.
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True outcome

Positive Negative

Predicted
outcome

Positive
True Positive

(TP)
False Positive

(FP)
PPV =

TP

TP + FP

Negative
False Negative

(FN)
True Negative

(TN)
NPV =

TN

TN + FN

Sensitivity Specificity

TP =
TP

TP + FN
TN =

TN

TN + FP

Table 2.1: Confusion matrix of metrics commonly used to summarise performance of a binary
classifier.

The lower the prevalence of true positives, the lower the positive predictive value, for

the same sensitivity and specificity.

The ideal track-and-trigger system would have a high sensitivity, such that all pa-

tients who triggered are correctly identified as having the outcome, and a high specificity

which indicates few misleading alerts or triggers. In practice this is rarely the case, so a

suitable balance needs to be struck between sensitivity and specificity [42]. This is com-

monly investigated using a Receiver-Operating-Characteristics (ROC) curve [43]. The

ROC curve is a plot of the true positive rate (sensitivity) against the false positive rate

(1 - specificity), as the trigger threshold is varied. The area under the ROC curve (AU-

ROC) is used to assess the discriminatory ability of the system, i.e. whether it correctly

discriminates between true and false cases independently of a fixed threshold value. An

efficient scoring system is characterised by an AUROC close to 1. Figure 2.3 illustrates

a typical ROC curve.
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Figure 2.3: Example of Receiver-Operating-Characteristics (ROC) curves. A random classi-
fier would have a AUROC of 0.5 as indicated by the dotted line.

2.2.2 A standardised early warning score for the general adult

population

An example of a standardised track-and-trigger system is the UK National Early Warn-

ing System (NEWS) for the adult non-pregnant population, published in 2012. Before

the development of NEWS, several track-and-trigger systems had been developed and

implemented locally around the UK. However, inconsistencies in the scoring method

caused different responses to acute illnesses, and confusion for staff transferring between

local healthcare centres. The need for a national system had been recognised for several

years [44].

The NEWS system (see Figure 2.4) is based on the VitalPAC EWS (ViEWS) system

which was developed on a large vital sign dataset of acute medical admissions from

Portsmouth Hospitals NHS Trust, UK [45]. Six parameters were included in NEWS:

systolic blood pressure, heart rate, temperature, oxygen saturation, respiratory rate,

and level of consciousness. The researchers applied a seven band scoring set for each
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National Early Warning Score (NEWS)*

3 2 1 0 1 2 3PHYSIOLOGICAL
PARAMETERS

Heart Rate

Temperature

Systolic BP

Respiration Rate

Level of
Consciousness

Oxygen
Saturations

Any Supplemental
Oxygen

≤40 41 - 50 51 - 90 91 - 110 111 - 130 ≥131

≤35.0 35.1 - 36.0 36.1 - 38.0 38.1 - 39.0 ≥39.1

≤90 91 - 100 101 - 110 111 - 219 ≥220

≤8 9 - 11 12 - 20

A V, P, or U

21 - 24 ≥25

≤91 92 - 93 94 - 95 ≥96

Yes No

*The NEWS initiative flowed from the Royal College of Physicians’ NEWS Development and Implementation Group (NEWSDIG) report, and was jointly developed and funded in collaboration with the
Royal College of Physicians, Royal College of Nursing, National Outreach Forum and NHS Training for Innovation

© Royal College of Physicians 2012Figure 2.4: Scoring metric of the UK National Early Warning Score (NEWS) for the general
adult (non-pregnant) population [44].

vital sign that ranged from 3 (most abnormal, below the normal value) to 0 (normal)

to 3 (most abnormal above the normal value) except for oxygen saturation and level

of consciousness, which are one-sided variables. NEWS was validated using the large

Portsmouth database of 198,755 data sets from 35,585 completed and consecutive patient

episodes. The primary outcome was death within 24 hours of a given observation set,

which occurred for 3,133 (8.8%) of patient episodes. The AUROC for NEWS was 0.89

which is a higher value than the AUROCs of most existing EWS systems and consistent

with the performance of ViEWS [44].

The boundary for the NEWS aggregate trigger threshold was evaluated in comparison

to another EWS system, the Modified Early Warning Score. The first level of response

for NEWS was initiated at an aggregate score of 5 or 6, and a second level of response

requiring emergency assessment was initiated at an aggregate score of 7 or more. These

thresholds caused an alert for 20% and 10% respectively of data sets collected prospec-

tively over a year on acute medical wards. The designers of NEWS concluded that their

score was likely to be more sensitive than current systems, but was also more specific at

detecting acute clinical deterioration [44]. The NEWS score has since been validated in
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other environments [25, 46, 47].

The NEWS system - a standardised, validated, evidence-based EWS - is an impor-

tant milestone for hospital care. There has been similar recognition for the need of an

evidence-based, standardised obstetric score, as systems for the non-pregnant population

do not account for physiological changes in pregnancy [48]. Such a system does not yet

exist for the obstetric population. In Chapter 6 we review current obstetric EWS in the

literature and propose a new obstetric alerting system.

2.3 Introduction to vital signs

NICE suggests five vital signs as important for routine monitoring of patients: blood

pressure, heart rate, temperature, oxygen saturation and respiratory rate [7]. These are

the input parameters for the NEWS system, which also includes an assessment of the

level of consciousness as the sixth parameter. Here we describe each vital sign and their

method of measurement, and then review their known changes during the antenatal and

postnatal periods of pregnancy.

2.3.1 Vital signs and their measurement

Blood pressure: Blood pressure (BP) is a measure of the pressure exerted on the wall

of the arteries by the blood, in millimetres of mercury (mmHg). Since blood flow is

pulsatile, both the maximum and minimum blood pressure are usually recorded. These

are during systole (contraction of the heart muscle) and diastole (relaxation of the heart

muscle) and referred to as systolic blood pressure (SBP) and diastolic blood pressure

(DBP) respectively. BP is influenced by age, BMI, and other environmental factors such

as the time of day the measurement is performed.

The clinical gold standard for BP measurement is by Korotkoff sounds [49] using a

stethoscope (to listen to the sounds) and sphygmomanometer (to measure the pressure).

This is a manual method which requires trained clinical personnel. Recently, automated
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blood pressure machines have become widely adopted. These are based on oscillome-

try techniques whereby an algorithm calculates SBP and DBP from the mean arterial

pressure (MAP), the pressure at which maximum amplitude oscillations occur through

the cuff applied to the upper arm [50]. Designing a generic algorithm that accurately

calculates SBP and DBP from MAP is challenging. Automated machines generally un-

derestimate blood pressure, and therefore may not capture the rise in blood pressure

during the last third of pregnancy.

Heart rate: Heart rate (HR) is the frequency of heart contractions, measured as

beats per minute (bpm). Resting HR is an important indicator of the patient’s clinical

condition and affected by several factors such as age, fitness level, activity level, body

size and medications. In non-pregnant adults, a normal resting HR is typically between

50 and 90 bpm. HR is usually measured in hospital environments using an electronic

device, such as a pulse oximeter [51]. These devices provide an automated, continuous

measure of HR.

Temperature: Temperature (Temp) is a measure of core body heat, measured in

degrees Celsius (oC). The ability of the body to maintain its core temperature within

the boundaries required for optimal functionality is known as thermoregulation. In

healthy individuals, normal Temp is generally considered to be 37.0 oC. It may vary by

0.5 to 1.0 oC according to circadian rhythm, menstrual cycle or heavy exercise.

To accurately measure core body Temp, a probe must be inserted near to the centre

of the body, usually the pulmonary artery. Tympanic thermometers (infra-red) are more

appropriate for routine bedside monitoring, and are now standard on the general hospital

ward and in primary care [52].

Oxygen saturation: Oxygen saturation is a measure of the amount of oxygen in

the blood, defined as the percentage of haemoglobin that is bound to oxygen (ox-

haemoglobin, HbO2). As blood is circulated around the body, oxygen is unloaded from
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the haemoglobin molecules.

The gold standard measurement of oxygen saturation is calculated by direct arterial

measurement, but this is invasive and not practical for immediate feedback. Oxygen

saturation is therefore usually monitored as peripheral oxygen saturation (SpO2) at the

extremities (finger, toe or earlobe) by a pulse oximeter [51]. In healthy adults, normal

levels of SpO2 are between 95 and 100%. A low measurement of SpO2 is a late sign of

an airway, breathing or circulation problem. Hypoxia is diagnosed at a value of SpO2

below 90% and at values below 80% organ failure may occur.

Respiratory rate: Respiratory rate (RR) is the measure of the number of respirations

in one minute, reported in respirations per minute (rpm). One respiration consists of

inhalation (air movement into the lungs) and exhalation (expulsion of carbon dioxide

from the lungs). Resting RR for healthy adults is between 8 and 20 rpm. A change in

RR is a sensitive indicator of critical illness which often accompanies, and may precede,

changes in HR and SpO2 levels [53].

RR is most accurately monitored by capnography, a continuous measure of concen-

tration (or partial pressure) of carbon dioxide in the expired air. Capnography requires

a mask over the patient’s nose and mouth so that all expired air is captured, so is not

desirable outside ICU or the research laboratory. Other methods of RR measurement

include electrical impedance plethysmography (electrodes placed around the abdomen)

and inductance plethysmography (a band with strain gauges strapped around the ab-

domen). However, all these methods require set-up time and/or exposure of the abdomen

which are not considered suitable for routine measurements. In hospitals, outside ICUs,

respiratory rate is usually measured by manual observation of chest wall movement [54].

Respiratory rate is the only vital sign that is not routinely measured with an auto-

matic or electronic device. It is also the only vital sign under voluntary control, such

that knowledge of measurement confounds the result. In Chapter 4 we develop a robust
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electronic measure of respiratory rate from an accelerometer and pulse oximeter device

that is appropriate to be used in pregnancy.

2.3.2 Blood pressure and heart rate in the antenatal period: A

systematic review

We carried out a systematic review of the literature to determine the normal physiological

trends during pregnancy. This was performed by the author (RP) in partnership with

Lise Loerup (LL), and clinically led by Dr Peter Watkinson (PW) and Dr Lucy MacKillop

(LM). The protocol for this review is published in [55], and the final paper has been

submitted for publication. The review is registered with PROSPERO10. Here we present

the method in brief, and the results relevant to the work of this thesis.

Search strategy

We searched MEDLINE, EMBASE and CINAHL, from inception until June 2015 with

guidance from a trained librarian. We searched for papers that had measured any of

the six vital signs recommended for clinical assessment (SBP, DBP, HR, Temp, SpO2,

and/or RR) during the antepartum, intrapartum or postpartum stages of pregnancy. We

included cross-sectional, case-control and longitudinal studies that contained at least

fifty participants. Gestational age must have been specified to within 16 weeks. We

further defined inclusion criteria to ensure that the extracted data represented vital sign

measurements from an unselected population of pregnant women. For further details,

refer to [55]. After screening, two reviewers (RP and LL) extracted data from selected

papers, and performed a quality assessment in line with QUADAS-2 [56]. Examples of

good-quality studies are those that clearly describe the type of study, exclude women

at high risk of pregnancy complications, clearly describe the pregnancy dating method,

report gestational age to the day, and use equipment approved for use in pregnancy.

10PROSPERO registration number CRF42014009673
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We found few studies that measured Temp, SpO2, or RR, and few studies that re-

ported measurements in the intrapartum or postpartum periods. Therefore, we restricted

our analysis to BP and HR in the antepartum period only.

To combine the extracted data into a single trend during pregnancy, we used a

multilevel model adjusted for use on aggregate data [57]. We introduce multilevel models

for individual patient data in Chapter 5 with specifications described in Appendix C.

The adjustment of multilevel models for aggregate data is described in Appendix C.6.

Only the mean trajectory was investigated, as heterogeneity in the data means variance

is difficult to accurately estimate. We used a quadratic polynomial to describe the

population mean trajectory.

Results

The database search returned 1,702 publications. Full text was retrieved for 251 stud-

ies. Of these, 35 studies met our pre-specified selection criteria. These studies are

summarised in Table 2.2. BP data was extracted from 31 studies, and HR data ex-

tracted from nine studies (five studies contained both BP and HR data). 30 studies

were performed prospectively11. Quality of the studies (as a percentage), ranged from

5.6 % to 84.2 %. The majority of studies (22/35) had a quality score less than 50%. The

most common reasons for poor-quality studies were a poorly described study design, and

missing details of equipment used for vital sign measurement.

We included 276 summary measurements of BP, which represented a total of 222,797

paired SBP and DBP measurements from 38,962 women. The 23 longitudinal stud-

ies reported measurements of BP from 36 separate groups of women (median of four

time points per group). A further eight studies reported cross-sectional measurements.

Only one study, by Ochsenbein-Kolble et al. [58], reported multiple cross-sectional mea-

surements. A mercury sphygmomanometer (manual BP measurement) was used in 16

11A prospective study is where the study is designed before data collection begins. This is opposite to
a retrospective study where the study proposal/question is formed after the collection of the data set.



Year Author Country
Study
design

Study
type

BP
measurement

HR
measurement

Measurement
position

Total
women

(n)

Groups
(n)

Time
points per
group (n)

Quality
score
(%)

1969 MacGillivray et al. UK LT P manual - sitting 226 1 7 31.6

1992 Okonofua et al. Nigeria LT P manual - sitting 189 1 6 36.8

1992 Peterson et al. USA LT P not specified - not specified 356 1 6 10.5

1993 Halligan et al. Ireland LT P manual - sitting 98 1 4 63.2

1996 Churchill et al. UK LT P manual - sitting 209 1 3 78.9

1996 van Oppen et al. The Netherlands LT P - ECG sitting 50 1 4 50.0

1999 Matkin et al. USA LT P not specified - not specified 2,853 2 35 10.5

2001 Strevens et al. Sweden LT R manual - sitting 600 1 10 44.4

2002 Iwasaki et al. Japan LT R automated - sitting 1,570 1 3 16.7

2002 Lo et al. New Zealand LT P manual - sitting 101 1 4 52.6

2002 Strevens et al. Sweden LT R manual - sitting 498 3 9 33.3

2006 Gu et al. China LT R - other lateral 182 2 8 41.2

2007 Lauszus et al. Denmark LT P manual - not specified 59 1 2 31.6

2007 Miller et al. USA LT P manual - sitting 1,733 1 3 31.6

2008 Hilmert et al. USA LT P automated - sitting 164 1 3 47.4

2010 Bakker et al. The Netherlands LT P automated - sitting 7,106 3 3 57.9

2011 Jasovic-Siveska et al. Macedonia LT P manual - not specified 400 3 4 15.8

2011 Timmermans et al. The Netherlands LT P automated - not specified 3,187 3 3 21.1

2012 Grindheim et al. Norway LT P automated other lateral 57 1 4 57.9

2012 Lee et al. USA LT P not specified - sitting 1,684 1 2 21.1

2012 Macdonald-Wallis et al. UK LT R manual - not specified 13,016 1 17 27.8

2013 Ishikuro et al. Japan LT P automated - sitting 587 3 8 42.1

2013 Khan et al. India LT P manual - sitting 200 3 3 26.3

2014 Farias et al. Brazil LT P automated - sitting 199 1 3 42.1

2014 Mahendru et al. UK LT P automated automated lateral 54 1 3 84.2

1978 Demidov et al. Russia CS P not specified not specified lateral 50 1 1 22.2

1990 Tuffnell et al. UK CS P not specified not specified sitting 50 1 1 5.6

Continued on next page . . .



Year Author Country
Study
design

Study
type

BP
measurement

HR
measurement

Measurement
position

Total
women

(n)

Groups
(n)

Time
points per
group (n)

Quality
score
(%)

1994 Ekholm et al. Finland CS P manual ECG sitting/supine 94 2 1 33.3

1994 Tape et al. USA CS P manual - sitting 59 1 1 61.1

2003 Elvan-Taspinar et al. The Netherlands CS P manual - recumbent 54 1 1 55.6

2004 Ochsenbein-Kolble et al. Switzerland CS P automated - sitting 3,234 1 37 66.7

2007 Ngan et al. China CS P not specified - lateral 58 1 1 38.9

2008 Turan et al. UK CS P - echo lateral 4,689 2 1 76.5

2013 van Der Graaf et al. Australia CS P manual - not specified 225 2 1 83.3

2015 Carpenter et al. UK CS P - ECG supine 99 1 1 52.9

LT: Longitudinal design; CS: cross-sectional design.

P: Prospective study; R: Retrospective study.

Table 2.2: Summary of studies selected for inclusion in the systematic review of BP and HR trends in the antepartum period. Year is year of publication.
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studies, five of which reported that the device had been calibrated prior to the study

taking place. An automated BP monitor was used in nine studies. Two of these studies

used a monitor approved for use in pregnancy.

We included 34 summary measurements of HR, which represented a total of 7,123

measurements from 5,317 women. The four longitudinal studies reported measurements

from five separate groups of women. A further five studies reported cross-sectional mea-

surements of HR at a single time point. The method of HR measurements was reported

as electrocardiography (ECG; 3 studies), echocardiography (echo; 1 study), finger ar-

terial pressure sensor (1 study, Grindheim et al.), radioulnar pulse wave monitoring (1

study, Gu et al.), reading from an automated BP monitor (1 study), or not specified (2

studies).

Significant heterogeneity was present for SBP, DBP and HR in all trimesters. The

modelled trajectories for BP and HR, using a multilevel model for aggregate data, are

shown in Figure 2.5. We were not able to adjust for maternal characteristics, such as

age and weight, as such data were often missing from the publications, or reported using

different summary measures at different gestational ages. Both SBP and DBP changed

significantly across pregnancy (for combined manual and automatic readings). Mean

(95% CI) SBP at 10 weeks gestation was 110.5 (109.1, 112.0) mmHg. Mean (95% CI)

SBP was lowest at 16 weeks, 110.1 (108.7, 111.6) mmHg, rising to 116.3 (14.4, 118.2)

mmHg at 40 weeks gestation; a change in SBP of 6.2 (4.9, 7.5) mmHg from 16 to 40

weeks (p<0.001). Mean (95% CI) DBP was 64.6 (63.2, 66.1) at 10 weeks gestation.

DBP was lowest at 19 weeks gestation, a mean (95% CI) of 63.3 (62.0, 64.7), rising to

70.7 (69.0, 72.4) mmHg at 40 weeks gestation; a change of 7.4 (6.3, 8.4) mmHg from 19

to 40 weeks (p<0.001).

Data was available from 25 studies to allow us to assess the effects of parity on SBP

and DBP. Nulliparous women had a slightly higher BP on average, but this was not

statistically signficiant.
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Figure 2.5: Mean trajectory of SBP (top), DBP (middle), and HR (bottom) during pregnancy,
modelled by synthesis of data available in the literature. The raw data points are shown as grey
circles, where the size of the circle reflects the number of participants in the study. Modelling
was performed using a quadratic polynomial multilevel model, adjusted for aggregate data.
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Discussion

The systematic review described here has synthesised the available evidence base to

inform our understanding of changes in BP and HR during pregnancy. Our analysis

showed that SBP and DBP dip very slightly in mid-pregnancy and then rise in the third

trimester. The absolute change during the antepartum period was larger for DBP (7.4

mmHg) than SBP (6.2 mmHg). HR steadily increased during pregnancy.

Although several studies of BP and HR during the antepartum period were identi-

fied, they suffered from small sample sizes (fewer than 50 participants) and therefore

were excluded from our analysis. Of the 35 studies included, many were of poor method-

ological quality. Three aspects were of particular concern. Firstly, a lack of accuracy

in measuring and reporting of gestational age was common (23/35 studies with high

bias for this quality criterion). Secondly, few BP measurements were performed with a

calibrated device, or a device validated for use in pregnancy. Thirdly, the selection of

appropriate populations to model was not robust. The poor quality of many of these

studies likely contributes to the high between-study variability in mean BP and HR es-

timates. While the lack of accuracy in gestational age calculation may have affected the

timing of observed trends, the choice of measurement device and population will have

affected the mean and spread of the reported data. Combining such heterogeneous data

is challenging, and only the mean trajectories can be calculated accurately.

This investigation suggests the need for more high-quality, large cohort studies of low-

risk pregnant women from which to understand physiological changes during pregnancy

and after delivery. Previous work in adult early warning scores shows that relatively

small changes in thresholds have large changes in the ability of such a score to detect

deterioration [40].
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Note on postnatal trends

Of the 23 longitudinal studies selected for inclusion in the systematic review of antenatal

vital sign changes, four also performed a postnatal measurement. Halligan et al. [59]

(1993) measured BP at six weeks after delivery, Churchill et al. [60] (1996) measured

BP at 12 weeks after delivery, Grindheim et al. [61] (2012) measured BP and HR at

six months after delivery, and Mahendru et al. [62] (2014) measured BP and HR at 14

to 17 weeks after delivery. Data from these studies represent such a wide time range

after delivery that it is challenging to obtain a complete understanding of BP and HR

changes during this time. The four studies do not agree on whether BP increases or

decreases in the weeks/months after delivery. The HR data shows that HR falls by 10

to 12 bpm some time during the three to six months after delivery [61, 62]. To further

understand vital sign changes in the postnatal period, studies focusing on this area need

to be performed.

2.3.3 Other vital sign changes

Temperature: Most studies of temperature and pregnancy are performed during

labour. One study by Hartgill et al. [63] was identified that studied Temp longitu-

dinally through pregnancy and the postpartum period. Temp was reported to decrease

during pregnancy from 37.1 oC at 8 weeks gestation to 36.7 oC at 36 weeks gestation.

At 12 weeks after delivery, Temp was measured at 36.4 oC and thought to stabilise at

36.7 oC from 24 weeks after delivery. Data in this study was collected from only 15 par-

ticipants, and we could not identify a study that had reproduced the results. Obstetric

textbooks do not specify an expected change in Temp [64].

Oxygen saturation: Little is known about how SpO2 changes in pregnancy. It has

been shown that the affinity of haemoglobin to oxygen decreases in order to meet an

increase in demand from the placenta and fetus [65]. This means a right shift in the
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oxygen dissociation curve (Figure 2.6) such that a greater partial pressure of oxygen

is required to maintain the same level of SpO2. However, clinical professionals do not

expect this to have an affect on SpO2 during pregnancy. The only study we identified

that measured SpO2 in any stage of pregnancy was by Deckhardt et al. [66]. They

observed mean SpO2 at term was 96%, similar to the non-pregnant population.

Figure 2.6: The dissociation of oxygen from haemoglobin is described by a sigmoid curve that
depends on the partial pressure of oyxgen. During pregnancy this curve is shifted to the right.
Reproduced from [65].

Respiratory rate: An improved respiratory efficacy is required during pregnancy to

ensure adequate oxygenation. Pregnant woman adjust their breathing by breathing more

deeply (tidal volume increases 30-40% during pregnancy), but at the same frequency.

RR is therefore thought to remain unchanged at around 14 to 17 rpm [67, 68]. After

delivery the respiratory system rapidly returns to its pre-pregnancy state, a direct result

of loss of progesterone (a hormone) and reduced intra-abdominal pressure (after delivery

of the baby) which allows increased excursion of the diaphragm. RR remains constant

[65].

Blood pressure and heart rate: During pregnancy, blood volume increases, which is

balanced by a decrease in stroke volume and an increase in HR. BP is not affected by

the change in blood volume during pregnancy. Instead, the mid-pregnancy dip observed
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by the BP studies included in the systematic review (Section 2.3.2) is caused by hor-

monal changes. BP in pregnancy is affected by similar factors as for the non-pregnant

population, such as age and BMI [61, 69, 70]. Parity is also thought to influence BP

[71, 72].

Immediately after delivery, HR remains elevated (for 24 hours), then steadily returns

to pre-pregnancy values by 10 days after delivery [73]. In the week after delivery, up

to 2 litres of body fluid is mobilised and excreted. It is hypothesised that BP increases

between day 3 and 6 after delivery to compensate for the loss of fluid, although no

conclusive studies could be found [65].

2.4 Conclusion

In this chapter we have discussed the burden of pregnancy-related complications, and

how their prevalence and severity can be reduced by timely recognition of physiological

deterioration to enable clinical intervention. However, the pregnancy-associated changes

in vital signs are known to complicate the recognition of physiological deterioration, and

these changes are not well understood. In particular, there has been little investigation

into vital sign changes in the immediate postpartum period. The next chapter introduces

the 4P study which aims to gather a database of vital sign information during pregnancy

and in the two weeks after delivery from women experiencing a normal pregnancy.
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Description of dataset

The limited knowledge of vital sign changes in pregnancy led to the design of the 4P

(Pregnancy Physiology Pattern Prediction) study, an ongoing longitudinal observational

study based in Oxford UK. The 4P study recruited women in early pregnancy and mon-

itored them until two weeks after delivery. Maternal vital sign measurements and infor-

mation about medication and complications were collected at regular intervals during

the study. In this chapter we introduce the 4P study, present the populations and vital

sign distributions used for analysis in this thesis, and assess the data quality of pulse

oximeter recordings.

3.1 The 4P study

The 4P study has been executed in two phases. The first phase ran from 1 August

2012 to 16 May 2016, as part of the INTERBIO-21st study1 based at the John Radcliffe

Hospital Maternity Centre, Oxford, UK (Oxford University Hospitals NHS Foundation

Trust)2. In July 2015 the second phase began as an independent study3. The second

phase included additional centres in Newcastle (Royal Victoria Infirmary, Newcastle

Hospitals NHS Foundation Trust) and London (St Thomas’ Hospital, Guy’s and St

1www.interbio21.org.uk
2Oxford Research Ethics Committee (ref: 08/H0606/139)
3National Research Ethics Service committee South East Coast - Brighton and Sussex (ref:

14/LO/1312)

31
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Thomas’ Hospital NHS Foundation Trust).

3.1.1 Study population

The 4P study aimed to recruit 1,000 women. This target was reached in December 2016.

Women were recruited in early pregnancy and required to have an ultrasound dating

scan between 9+0 and 13+6 weeks of gestation. The full inclusion criteria are presented

in Table 3.1.

Recruitment rate was determined by the availability of research midwives. Once

the pre-arranged monthly recruitment target was reached, recruitment paused. The

recruitment target for Phase 1 of the 4P study was 25 a month; for Phase 2, recruitment

targets per month per site were: 15 for Oxford, 10 for Newcastle, and 8 for London.

Recruitment criteria

At least 16 years of age (parental consent to be obtained for participants under 18 years old)

Naturally conceived pregnancy

Singleton pregnancy

Intent to deliver at the hospital of the recruiting centre

BMI < 35 kgm−2

Ultrasound dating scan < 14 weeks

Able to understand written or spoken English or has their own interpreter willing to translate

Willing and able to use the home monitoring equipment

Table 3.1: Recruitment criteria for the 4P study

3.1.2 Timeline for data collection

Women were recruited to the 4P study in early pregnancy, usually at their first antenatal

ultrasound scan, and monitored by research midwives at home visits every four to six

weeks until delivery. After delivery, women were given a self-monitoring kit to continue

monitoring their own vital signs once a day for the next 14 days. The midwives visited

the women twice during this postnatal period to take additional readings. At each

midwife visit, vital sign data and other pregnancy-related information were collected

from the women. Intrapartum vital sign data and delivery information were extracted
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in retrospect from hospital notes (paper charts). The study timeline is shown in Figure

3.1.

Gestational age was calculated from crown-rump measurement obtained by ultra-

sound prior to 14 weeks of gestation, using the formula developed from the INTER-

GROWTH-21st dataset [74]. After delivery, time was measured as number of calendar

days after delivery, where the day of delivery is day zero. We chose calendar days, rather

than hours, after delivery because our time scale is a number of days (around 14) which

becomes cumbersome to calculate in hours.

Figure 3.1: Timeline for vital sign data collection in the 4P study. Note that women were
expected to perform daily measurements for two weeks after delivery; a total of 14 sets of
measurements.

3.1.3 Vital sign data

Vital sign information (BP, HR, Temp, SpO2, and RR) was collected at every antenatal

and postnatal midwife visit using the equipment described in Section 3.2.1. During

the home monitoring phase, women recorded their own vital sign information with the

exception of RR. Correct use of home monitoring equipment was taught during a 10-

minute training session at the final antenatal appointment.

3.1.4 Labour and delivery information

During labour and the women’s hospital stay, vital sign measurements were regularly

taken by hospital staff and recorded on paper charts. The partogram is used to record
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progress during labour including maternal vital signs (see Figure 3.2), and the local

obstetric early warning score chart (called MEOWS in Oxford) used on the general

obstetric wards (see Figure 3.3). If the woman received an epidural or anaesthetic,

these were recorded on additional charts. Charts were manually transcribed to the 4P

database by research midwives.

In addition to vital sign information, the labour information (time of each labour

stage onset, reason for inducing labour or performing caesarean section if relevant), deliv-

ery information (mode of delivery, estimated total blood loss, weight and status of new-

born) and hospital information (date of discharge from hospital, haemoglobin/haemat-

ocrit, postnatal blood transfusions) were extracted from the woman’s hospital notes.

3.1.5 Other information collected

At recruitment, baseline information was collected about the woman such as demo-

graphic information (date of birth, height, weight, ethnicity), obstetric history (parity,

gravidity4, last menstrual period), medical history (such as smoking status, diabetes,

cardiac disease, respiratory disease, kidney disease, hepatic disease), pregnancy-related

health, and current medications. Pregnancy-related health includes whether the woman

has developed any complications during this pregnancy, such as gestational diabetes,

gestational hypertension, pre-eclampsia (see Section 2.1.2), or severe vomiting requiring

hospitalisation. At each subsequent follow-up visit during pregnancy, and at the final

postnatal visit, current health, pregnancy-related health, and prescribed medications

were updated. Midwives entered this information directly onto the 4P website (synchro-

nised with the 4P database) using their computer tablet while with the participant.

After the home monitoring phase was completed, the women were asked to provide

feedback on the usability of the mobile health system through a standardised usability

questionnaire.

4The number of previous pregnancies.



Figure 3.2: The section of the partogram (used during labour) that records maternal vital sign values.
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Figure 3.3: The first page of the Oxford MEOWS chart used in obstetric wards.
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3.2 The 4P system

The system for data collection, particularly vital sign data, evolved during the 4P study.

The main changes occurred between the first and second phases of the study, as new

sites were added (Newcastle and London) and the INTERBIO-21st study came to a close

so could no longer aid recruitment and antenatal visits in Oxford. We have labelled the

different systems from 0 to 3, as described in Table 3.2. System 0 was the initial system

for vital sign data collection, used in the clinic for antenatal measurements. System 1

was developed for postnatal home monitoring in Phase 1. System 2 was an adjustment

of system 1 that catered for multiple sites as required in Phase 2. Additional functions

(such as a 60-second respiratory count and manual HR measure) were incorporated to

give system 3, so system 2 was only used for the first four months of Phase 2. System

3 is the current system used in all 4P sites for both antenatal and postnatal stages of

data collection.

PHASE 1 (Aug 2012 - May 2016) PHASE 2 (July 2015 - Sep 2017)

Antenatal
measurements

Postnatal
measurements

Version 1 Version 2

System 0 1 2 3

Duration of manual
RR measure

15s 30s 30s 60s

Duration of manual
HR measure

- - - 60s

Duration of pulse
oximeter recording

Several
minutes

60s 60s 120 - 300s

Time-stamps of
respirations recorded

no no no yes

Duplicate recordings
performed

no no no
Oct 2015 to

Mar 2016

Sites Oxford Oxford
Oxford, London,

Newcastle
Oxford, London,

Newcastle

Table 3.2: During the 4P study the system for data collection has evolved, particularly for
vital sign data collection.
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3.2.1 Equipment for vital sign collection

In this section we describe the equipment for vital sign data collection in the 4P study.

We selected commercial medical devices regularly used in the hospital. These devices

are interfaced to a Samsung Galaxy Tablet on which a custom-designed application

guides the midwife and participants through data collection. The tablet application is

described in Section 3.2.2.

Heart rate and oxygen saturation: We used a Nonin Bluetooth finger pulse oximeter

(WristOx2 3150 finger pulse oximeter, Nonin Medical, Minnesota, USA) to measure HR

and SpO2. Pulse oximeters measure blood volume changes at the periphery, and are

used to record continuous SpO2 on hospital wards. The Nonin model transmits data via

Bluetooth so manual transcription is not required. In 4P system 0, we recorded the pulse

oximeter trace for the entire appointment duration, usually seven to eight minutes. In

system 1, 2, and 3, the pulse oximeter duration was limited (Table 3.2). We describe the

pulse oximeter in more detail and explain how we obtain a robust estimate of HR and

SpO2 from the pulse oximeter time-series, the photoplethysmograph (PPG), in Section

3.4.

In the second phase of the 4P study, midwives performed an additional HR mea-

surement by pulse palpation for 60 seconds. We refer to this measure as Manual HR to

distinguish it from the automatically-calculated HR from the pulse oximeter.

Blood pressure: We selected a Microlife automated blood pressure machine (BP

3BT0-A(2) and WatchBP Home, Microlife, Taiwan), that was validated for use in preg-

nancy, for BP collection in the 4P study [75, 76]. An automated machine was selected

over the clinical gold standard Korotkoff sounds because it allowed measurement by non-

expert users, as required during the home monitoring stage when women self-monitor

at home.

Temperature: We use the GeniusTM 2 tympanic (ear) thermometer (MedTronic, Min-
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neapolis, USA, formerly Covidien) which is commonly used in UK hospitals. In addition,

system 0 also used a Bluetooth tympanic thermometer (IR20, Fora, California, USA)

which transferred readings automatically, thus avoiding manual transcription errors.

However, the Bluetooth thermometer was difficult to use and not thought suitable for

home monitoring, so only the Genius thermometer was used in system 1, 2, and 3.

Respiratory rate: On hospital wards, RR is usually measured by manual observation

of chest wall movement. We therefore used a manual chest wall respiratory count in the

4P study. Midwives counted respirations during the pulse oximeter recording. Respira-

tions were counted for 15, 30, or 60 seconds depending on the 4P system used (see Table

3.2).

We also recorded accelerometer information from a Samsung Galaxy S3 smartphone

(Samsung, South Korea) placed on the woman’s chest while reclining (Figure 3.4). Res-

piratory rate is retrospectively estimated from the accelerometer recording using algo-

rithms described in Chapter 4.

Figure 3.4: Position of smartphone on woman’s chest during respiratory rate recording.

Summary of equipment models: Since the 4P study was spread over several years,

multiple equipment orders were required. Where available, the same model of device

was selected. However, this was not always possible. Of note is that the blood pressure

monitor Microlife BP 3BT0-A(2) ceased production in mid-2014 with no updated model.
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After correspondence with the manufacturers, we selected the Microlife Watch BP Home

which used the same oscillometric algorithm as our previously selected device, and was

also validated for use in pregnancy [76]. Manufacturers and models for equipment at

each 4P study site are detailed in Table 3.3 and shown in Figure 3.5.

Site(s) Oxford Newcastle and London

Tablet Samsung Galaxy Tab 2.0 Samsung Galaxy Tab 4.0

HR and SpO2 Nonin R© Bluetooth WristOx2 3150 Nonin R© Bluetooth WristOx2 3150

BP Microlife BP 3BT0-A(2) Microlife Watch BPhome

Temp Covidien GeniusTM2 Covidien GeniusTM2

Smartphone Samsung Galaxy Nexus GT-I9250 Samsung Galaxy S3

Table 3.3: Equipment for vital sign measurement.

Figure 3.5: Equipment used for vital sign measurements in the 4P study (Oxford models
shown).

3.2.2 Tablet application for vital sign data collection

An Android tablet application (app) was developed to aid vital sign data collection. Two

versions of the app were produced. The first was for use in the hospital clinic during
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antenatal appointments of Phase 1 of the study (system 0). Here, vital sign information

was recorded by INTERBIO-21st staff at antenatal ultrasound appointments. The app

displayed a single screen on which vital sign measurements could be entered in any order.

Data from the finger pulse oximeter and phone accelerometer were often recorded for

the duration of the appointment.

The second version of the app was designed for women to use during self-monitoring

(as non-expert users). This version was also adopted for postnatal midwife visits (system

1), and then for Phase 2 of the 4P study (systems 2 and 3). There were thus two user

settings for the app: as a midwife and as a participant.

The tablet app was designed to be intuitive to navigate. The first screen displays

a note to participants reminding them that their information is not being monitored

in real-time by a midwife, so to seek medical help if they feel unwell. The app then

explains how to measure each vital sign, moving to a new screen after a value is entered

(see schematic of tablet application in Figure 3.6). In the midwife version of the app,

the Manual HR and RR measurements are taken during the pulse oximeter recording.

Figure 3.6: Progression of screens in the second version of the 4P tablet application. For
the midwife version of the app, Manual HR (60s) and RR (60s) are taken during the pulse
oximeter recording (participants do not perform a Manual HR or RR measurement). The
movement from screen #2 to #3 is automatic when the pulse oximeter completes (after 60s
for participants; at conclusion of RR for midwives). All other transitions require user input.



Chapter 3 - Description of dataset 41

During measurement of respirations, the midwives indicate the time of each breath using

a keypad button on the tablet. At the end of the app, there is space for comments. Users

could not move backwards in the application, so if they noticed they had made a mistake

or accidentally skipped a screen they often wrote a note in the comments section. This

was helpful for midwife review of missing or unusual data. Screenshots of the second

version of the app are shown in Figure 3.7. At the end of home monitoring, the tablet

was factory reset before being assigned to the next participant.

3.2.3 Website system

The 4P website was customised as a portal for the research midwives to manage the

4P study. The website allowed the midwives to create participant ID numbers, review

vital sign data, and enter other participant information relevant to the study. Each

midwife had her own login and could create and view participants recruited at her site.

Participants were initially viewed under “Antenatal Participants”. After delivery, they

moved to the homescreen where a calendar allowed the midwives to monitor the progress

of postnatal self-monitoring.

Reviewing vital sign data: The website accesses the 4P database to display vital sign

information that has been entered into the tablet app (see screenshot in Figure 3.8).

Case report forms: Additional participant information, such as demographic informa-

tion, complications developed, and medication, were entered onto the website at every

visit using a series of case report forms.

Intrapartum charts: Vital sign data and birth information recorded on paper charts

during delivery were manually entered onto the website. Charts included the maternal

EWS, partogram, anaesthetics, and epidural charts. Midwives photocopied the patient

notes (after removing patient identifiable information) so charts could be entered retro-

spectively.
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(a) Screen #2 (participant version): connection of pulse oximeter to tablet via blue-
tooth for HR and SpO2 measurement.

(b) Screen #4: input of Temp measurement.

Figure 3.7: Screenshots from the participant version of the 4P tablet application.
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Figure 3.8: Website screenshot: Vital sign data review

3.2.4 Data transmission and storage

At the end of a vital sign data recording session, the data stored in the Android tablet

were automatically transmitted to the 4P database, hosted on a secure server residing

behind the NHS firewall. Data were transmitted primarily via the 3G/4G network, or

by a secure Wi-Fi network if available in the hospitals. After successful transmission,

the data was deleted from the tablet’s internal memory. Data stored on the 4P database

are anonymised by the assignment of a four-digit unique identifier (Participant ID) that

is stored together with the date and time of the recording and the vital sign data. No

patient-identifiable data were collected or stored in the online database. A master list

that links the names of the women with their Participant ID was securely stored in a

locked location only accessible to clinical research staff.
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3.3 Data used in this thesis

The 4P study has been described here in full to provide motivation for the analysis carried

out in this thesis, and to describe the mobile health system developed for vital sign data

collection. For the remainder of this thesis we will examine the 4P data collected in

the antepartum and postpartum periods only, for those women who had delivered by 15

July 2016 (to allow sufficient time for data analysis before thesis submission).

3.3.1 Study population

During Phase 1 (1 August 2012 to 16 May 2016), 568 women were recruited to the 4P

study. A further 144 women were recruited to Phase 2 of the 4P study and had delivered

by 15 July 2016. Vital sign measurements and other information were therefore recorded

and available for 712 women.

For the investigations in this thesis we will only consider the 620 women who were

healthy, normal, or low-risk (defined in Appendix A). Those women with a history of

chronic disease, as reported on their first antenatal appointment, were separated from

the healthy population. Women were not excluded if they later developed complications

or medical conditions during pregnancy. Demographic information for the two groups

of women, along with reasons for exclusion where appropriate, is displayed in Table 3.4.

Additional information only collected during Phase 2 is also presented.

A large proportion of the women recruited were of White British ethnicity (76.4% in

Phase 2). The most diverse population was from the London site, where 19.2% of the

women were of Black ethnicity, 11.5% Asian, and 3.9% mixed race5.

Of the 620 women who were recruited as healthy, 27 women discontinued the study

during antenatal monitoring, and a further 55 discontinued during the postnatal moni-

toring phase. In addition, 15 women declined home monitoring (but still allowed post-

5Ethnicity was categorised according to the definitions in the UK 2011 census. Ethnicity information
was only collected in Phase 2 of the 4P study.
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Healthy women
n = 620

Excluded women
n = 92

Baseline information, median (IQR)

Age (years) 31.8 (4.8) 31.0 (5.6)

Weight at recruitment (kg) 67.2 (12.8) 69.7 (14.1)

BMI at recruitment (km/m2) 24.5 (4.2) 25.7 (5.0)

Gestational age at recruitment (weeks) 12.9 (2.5) 12.4 (1.9)

Additional information, n (%)

Nulliparous 256 (41.3%) 33 (35.9%)

Current smoker 45 (7.3%) 13 (14.1%)

Chronic conditions, n (%)

Hypertension - 16 (17.4%)

Malignancy/cancer - 5 (54.3%)

Cardiac disease - 21 (22.8%)

Respiratory disease - 68 (73.9%)

Additional information Phase 2, n (%) n = 132 n = 12

Co-living with smoker 21 (15.9%) 6 (50.0%)

White British ethnicity 98 (74.2%) 12 (100.0%)

Table 3.4: Baseline information for women in the 4P study split into two groups: healthy
women, and those with a history of chronic disease excluded from further analysis.

natal midwife visits). The reasons for discontinuation at each stage of the study are

summaried in the flowchart in Figure 3.9.

3.3.2 Pregnancy complications and delivery information

Several women developed pregnancy-related complications during pregnancy or in the

two weeks after delivery. The most prevalent complication was gestational hypertension

(5.3%). Only two women developed severe pre-eclampsia (0.3%). The main complica-

tions and other medical conditions developed during pregnancy are detailed in Table

3.5.

Delivery information was available for those women who completed antenatal moni-

toring (n = 593). Most women delivered between 38+0 and 42+0 weeks of gestation, as

expected for a normal pregnancy. 45 women (7.6%) delivered pre-term, defined as be-
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Recruited (healthy women)

n = 620

Discontinued study (n = 27):

• Lost to follow up (n = 7)

• Withdrew consent (n = 5)

• Miscarriage/stillbirth (n = 6)

• Termination (n = 0)

• Delivered elsewhere and deliv-
ery information not available
(n = 9)

Completed antenatal monitoring

n = 593

Discontinued study (n = 55):

• Lost to follow up (n = 11)

• Withdrew consent (n = 28)

• Neonatal death (n = 1)

• Delivered elsewhere (n = 15)

Did not want to self-monitor

n = 15

Performed self-monitoring

n = 523

Completed study

n =538

Figure 3.9: Flow chart of number of women recruited to the 4P study and reasons for with-
drawal at each stage.

Healthy women
n = 620

Pregnancy-related complications, n(%)

Gestational hypertension 33 (5.3%)

Pre-eclampsia 11 (1.8%)

Severe pre-eclampsia 2 (0.3%)

Gestational diabetes6 24 (3.9%)

Other conditions, n(%)

Diabetes 29 (4.7%)

Cardiac disease 2 (0.3%)

Respiratory disease 8 (1.3%)

Respiratory tract infection 32 (5.2%)

Urinary Tract Infection (UTI) requiring
antibiotics

90 (14.5%)

Table 3.5: Pregnancy-related complications and other medical conditions developed during
pregnancy for the women in the 4P study.
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Healthy women with
delivery information

n = 593

Delivery information, median (IQR)

Gestational age delivered (wks of gestation) 39.9 (2.0)

Newborn weight (g) 3350 (689)

Delivery mode, n(%)

Spontaneous Vaginal Delivery (SVD) 372 (62.7%)

Assisted vaginal delivery (e.g. use of forceps) 98 (16.5%)

Caesarean section 106 (17.9%)

Breech 1 (0.2%)

Not recorded 16 (2.7%)

Additional information Phase 2, median (IQR) n = 132

Blood loss during delivery (mL) 400 (250)

Length of hospital stay after delivery (days) 1 (1)

Table 3.6: Delivery information for women in the 4P study

fore 37+0 weeks. The most common mode of delivery was Spontaneous Vaginal Delivery

(62.7%). Other delivery information is detailed in Table 3.6.

3.3.3 Vital sign measurements

Vital sign recordings were taken at regular intervals during pregnancy and after delivery.

We refer to a set of vital sign measurements (BP, HR, Temp, SpO2, and RR) as a vital

sign diary.

Data quality and cleaning

Before analysis, the vital sign data was cleaned to ensure it was as complete and as

high-quality as possible. The number of vital sign diary adjustments are presented in

Table 3.7. We made the following decisions (codes refer to Table 3.7):

• If a missing vital sign value was entered in the comments field of the tablet app

(last screen), the value was manually entered. [code: miss]

6The new onset of diabetes (characterised by a high blood sugar) during pregnancy. Gestational
diabetes is not thought to have an effect on vital signs.
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Code Explanation Action taken
Phase 1

(n)
Phase 2

(n)

sd
Vital signs split over two diaries
with no overlap

Diaries merged 67 46

rep
Incomplete diary. Another
complete diary was received on
the same day

Incomplete
diary excluded

169 22

miss
Missing vital sign information
was entered in comments

Value added 22 12

wro
Incorrect vital sign information
was corrected in comments (eg.
typing error)

Value adjusted 7 12

id
Incorrect participant ID entered
by the midwife

ID adjusted 42 6

Table 3.7: Reasons for excluding or merging diaries, or correcting vital sign values.

• If comments referred to an incorrectly entered vital sign and provided the correct

value, this was adjusted. [code: wro]

• If two diaries were received in quick succession (within one hour) and one diary

contained some vital sign information (for example the HR and SpO2 information

from the pulse oximeter) and the second diary contained the remaining vital sign

information (for example BP and Temp), these diaries were merged into a single

diary. [code: sd]

• If two diaries were received on the same day and only one contained a complete

set of vital sign measurements, the incomplete diary was discarded. [code: rep].

• If more than one complete diary was received on the same day, all diaries were

included.

• If a midwife entered the incorrect Participant ID (usually communicated by email

to the technical team), the ID was corrected. [code: id]

• Vital sign diaries that had been recorded as a duplicate (from 23 October 2015 to

1 March 2016) were omitted from the data set.

• If women recorded an antenatal home monitoring measurement, these were in-

cluded. (Antenatal monitoring is usually performed by the midwife; women are
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given a self-monitoring kit at their final antenatal appointment in preparation for

postnatal monitoring. They occasionally started self-monitoring before delivery.

There were 70 vital sign diaries submitted by 34 women in the antenatal period.)

• Temperature measurements made by the Fora Bluetooth thermometer were ex-

cluded from analysis. The Fora thermometer was only used in system 0 (alongside

the Genius), whereas information from the Genius was available for systems 1, 2,

and 3. For consistency we only consider measurements from the Genius.

• If a repeat BP reading was performed, only the second BP measurement was

considered for analysis. (The 4P tablet app automatically requested a repeat

reading if a BP measurement was high: SBP > 140 mmHg or DBP > 90 mmHg).

• Quality of the pulse oximeter trace was analysed to ensure good quality HR and

SpO2 measurements. Poor-quality measurements were discarded. This process is

described in Section 3.4.

Antenatal diaries

During the antepartum period, 3,673 vital sign diaries from 620 women were collected

by the midwives during antenatal home visit appointments. The distribution of diaries

across weeks of gestation is presented in Figure 3.10 below. There is a notable peak at

12 to 13 weeks when most women are recruited at their first antenatal ultrasound scan,

and again at 20 weeks when midwives were able to see the women in hospital for their

second ultrasound scan.
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Figure 3.10: Number of vital sign diaries recorded per week of gestation.
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Each woman had a median (IQR) of 6 (1) vital sign diaries recorded by midwives

during the antenatal period (Figure 3.11). Women who withdrew from the study during

the antenatal period often had fewer readings than women who completed this stage.
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Figure 3.11: Number of antenatal vital sign diaries recorded per woman.

Postnatal diaries

In the postnatal period, 6,327 vital sign diaries were recorded from 538 women, mostly

through self-monitoring. Most measurements were received between days 1 and 14 after

delivery, as requested in the 4P study protocol. Sometimes midwives could not arrange

their final home visit by day 14, so measurements were made later when possible. Figure

3.12 shows the distribution of vital sign diaries after delivery. The volume of vital sign

diaries is much higher in the postnatal period than in the antenatal period (around

400 diaries per day after delivery compared to 100 per week of gestation) due to the

self-monitoring measurements contributed by the women.
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Figure 3.12: Number of vital sign diaries recorded per day after delivery.
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Midwives usually performed two postnatal home visits. Women were usually com-

pliant with postnatal self-monitoring at home. Of the 15 measurements requested (days

0 to 14 after delivery), women submitted a median (IQR) of 11 (4) diaries. Most women

made between eight and 14 recordings. Figure 3.13 shows the number of vital sign diaries

per woman, as recorded by the midwife and by the woman herself. Only women who

self-monitored (n = 523) are included in the plot of measurements by the woman (15

women declined self-monitoring; see Figure 3.9). 76 women did not have any postnatal

measurements by a midwife. 54 of those women withdrew during the postnatal period.

The other 22 are missing because the women moved out of the area after delivery, and

so could not receive midwife visits (however, they still performed self-monitoring), or

the midwife did not have access to her own kit during the visit so used the participant’s

kit instead.
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Figure 3.13: Number of postnatal vital sign diaries recorded per woman. Top: Measurements
by midwife during home visits. Bottom: Self-monitoring measurements by woman. Note the
different vertical axes between the top and bottom graphs.
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Complete diaries

A vital sign diary was marked as complete if all vital signs were recorded (except for

diaries submitted by the women at home where RR was not required). 2,930 (81.3%)

diaries in the antenatal period, and 5,680 (89.8%) diaries in the postnatal period were

complete. The vital sign missing the most from antenatal diaries was temperature

because at the beginning of the 4P study, the brand of thermometer was still under dis-

cussion so some measurements were missed. In the postnatal period, the pulse oximeter

measurement was most often missing because some women struggled to get the device to

connect to the tablet via Bluetooth (despite clear instructions). Few RR measurements

were recorded in the postnatal period compared to other vital signs because women were

not able to record RR using self-monitoring.

The total number of vital sign diaries recorded by the midwife and women, at each

stage of pregnancy, are shown in Table 3.8.

Antenatal Postnatal

Midwife Women Midwife Women

n = 3603 n = 70 n = 1063 n = 5264

HR/SpO2 3,385 (93.9%) 66 (94.3%) 1,033 (97.2%) 4,895 (93.0%)

BP 3,584 (99.5%) 69 (98.6%) 1,063 (100%) 5,211 (99.0%)

Temp 3,091 (85.8%) 68 (97.1%) 1,051 (98.9%) 5,054 (96.0%)

RR 3,503 (97.2%) - 1,035 (97.4%) -

Complete diaries 2,866 (79.5%) 64 (91.4%) 998 (93.9%) 4,682 (88.9%)

Table 3.8: Number of diaries which contained each vital sign. Complete diaries are those
where all vital signs were recorded.

3.4 Quality of the pulse oximeter recordings

In the 4P study, HR and SpO2 are measured by the Nonin Bluetooth finger pulse oxime-

ter (WristOx2 3150, Nonin Medical, Minnesota, USA). The time series signal obtained

from the pulse oximeter is called the photoplethysmograph (PPG). A typical PPG trace
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is displayed in Figure 3.14. The pulsatile component corresponds to cardiac changes

in blood volume. The secondary, smaller peak is the dicrotic notch, and reflects the

elasticity of the arteries and pulse velocity. This notch disappears with age as arteries

get stiffer and pulse velocity decreases.

Figure 3.14: A typical PPG waveform from the pulse oximeter.

The quality of the PPG waveform is often compromised due to its sensitivity to

motion, ambient light, and poor blood perfusion [77]. Such artefacts give rise to errors

in the calculation of HR and SpO2 and can lead to false alarms in clinical environments.

It is therefore important to identify and deal with poor quality sections of the PPG

signal before analysis. This is particularly vital for home monitoring recordings where

healthcare professionals are not available to check the PPG waveform quality or the

positioning of the pulse oximeter finger probe. In this section we discuss the pulse

oximeter hardware, previous solutions for managing PPG artefacts, and describe a Signal

Quality Index (SQI) applied to the PPG for exclusion of poor quality sections.

3.4.1 Pulse oximeter hardware

A pulse oximeter consists of a light source (commonly an LED) and a light detector

(photodiode), where the detector is either placed directly across from the light source

(transmission plethysmography) or next to the light source (reflectance plethysmogra-

phy) [51, 78].

Haemoglobin that is fully saturated with oxygen (HbO2) has a different absorption
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coefficient to de-oxygenated blood (Hb). The difference in absorption changes with the

wavelength of light (see Figure 3.15). Blood oxygen saturation levels can therefore be

measured using the difference in absorption between two wavelengths of light, typically

red and near infra-red [79]. Most commercial devices only display the near infra-red

signal since it is less sensitive to changes in Hb saturation and therefore more stable

over time.

Figure 3.15: Hb and HbO2 absoption spectrum. Reproduced from [51].

The Nonin WristOx2 3150 finger pulse oximeter uses transmission plethysmography.

The time series of the near infra-red signal, the photoplethsymograph (PPG), is sampled

at 75Hz and is available for download from the device. HR and SpO2 are internally

calculated, and also output at 75Hz. The 4P tablet application updates the values of

HR and SpO2 every 0.33s (approximately every four beats) as the median of the values

returned from the pulse oximeter since the last update, rounded to the nearest whole

number. The data available for analysis are therefore a PPG time series (75Hz) and a

median HR and SpO2 time series (3Hz) for each recording.
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3.4.2 Previous methods for artefact suppression

Motion artefacts are the most common form of inaccuracies in PPG signals. The pul-

satile component of the PPG is about 0.1% of the total signal amplitude, so even small

movements will disturb the signal [80]. There are two main approaches for dealing with

motion artefacts in the PPG waveform: the signal is either reconstructed to eliminate the

effects of motion artefacts, or the artefacts are detected and removed from further pro-

cessing. Techniques that suppress the motion artefacts often require a reference signal,

such as an accelerometer, to provide input to an adaptive filtering scheme [81]. Indepen-

dent Component Analysis (ICA) methods require both the near infra-red and red PPG

waveforms [82]. Singular Value Decomposition (SVD) [83] and the Discrete Wavelet

Transform (DWT) [80] have also been used to reconstruct the PPG signal without arte-

facts. Methods for detection of artefacts include Gaussian filters with cross-correlation

[84], Dynamic Time Warping (DTW) [85], scanning for abnormal pulse periods [86], and

detecting artefacts based on Hjorth parameters [87].

3.4.3 Signal quality index for PPG

Motion artefacts in the pulse oximeter compromise the accuracy of the calculated HR

and SpO2. The Nonin WristOx2 3150 finger pulse oximeter returns a series of flags that

indicate when the PPG recording is not reliable or considered to be of poor quality.

These flags are useful in discarding poor quality sections. However, they do not identify

all types of motion artefact, so further detection is required. As the pulse oximeter

recording may only be 60 seconds long (4P systems 1 and 2, and all home monitoring),

it is important to identify motion artefacts and correct or remove them before calculating

the value of HR and SpO2 for that reading.

We developed a Signal Quality Index (SQI) using Dynamic Time Warping (DTW)

to identify and remove sections of poor quality PPG data. Given our application of
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obstetric monitoring, where vital sign observations are not usually time-pressured, we

preferred a technique that removes poor-quality sections. In prospective applications,

recordings would therefore be repeated until a good-quality signal is obtained.

The SQI was formed in three steps:

1. SQI(Invalid): Reject sections of invalid data

2. SQI(Flags): Reject intermittent poor quality sections marked with flags

3. SQI(DTW): Reject beats determined as poor quality by DTW

The first two indices are based on metrics returned by the Nonin pulse oximeter

device directly. The third index supplements these by mapping each beat individually

to a template, in order to identify poor-quality beats missed by the device. Each index

indicates whether the segment is good quality (SQI = 0) or poor quality (SQI = 1).

Where poor-quality PPG sections are identified, the corresponding sections of the

HR and SpO2 time series are also marked as poor quality and excluded from analysis.

The final HR and SpO2 values are the mean of good-quality sections in the HR and

SpO2 time series respectively. If less than 30 seconds of good-quality signal remains, the

entire signal is discarded and no vital sign execution is performed.

1. SQI(Invalid): Sections for which HR and SpO2 could not be calculated by the pulse

oximeter device were marked as invalid (SQI(Invalid) = 1). These were characterised by

error values (HR = 511 bpm; SpO2 = 127%).

2. SQI(Flags): Sections with intermittent segments of poor-quality data were indi-

cated by flags generated by the pulse oximeter device. If any flag occurred, the segment

was marked as poor quality (SQI(Flags) = 1). The Nonin flags and SQI(Flags) are

described in more detail in Appendix B.2.

3. SQI(DTW): An SQI based on DTW (SQI(DTW)) was implemented to supplement

the identification of poor-quality PPG segments by the metrics calculated by the pulse

oximeter device (SQI(Invalid) and SQI(Flags)). We use DTW to fit the individual beats

to a template, specific for each PPG signal. If the beat has a poor correlation with the
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template, even after DTW, we consider it poor quality. The SQI(DTW) algorithm is

described in Appendix B.3.

3.4.4 SQI applied to 4P data

The SQI strategy developed here was effective in identifying poor quality sections of the

PPG signal. An example PPG trace is shown in Figure 3.16 where poor quality sections

are highlighted. All beats that appear poor quality (irregular) have been successfully

highlighted.

In the 4P study, 10,000 vital sign diaries were submitted in the antenatal and post-

natal stages of the study, and of these, 9,793 (97.9%) had PPG signals recorded. 101

PPG recordings were less than 30 seconds in duration (mostly recorded by women in

the postnatal period), so no further signal quality assessment was performed on these.

After each stage of the SQI algorithm, signals were excluded from further analysis if

less than 30 seconds of good-quality signal remained. Thus, 30 recordings were ex-

cluded after SQI(Invalid); 81 excluded after SQI(Flags); and a further 200 excluded

after SQI(DTW). Of the 311 poor quality recordings excluded by the SQI stages, 118

(37.9%) were recorded by the women at home. 9,381 (93.8%) of PPG recordings were

good quality (antenatal, n = 3,581; postnatal, n = 5800). The flow chart in Figure 3.17

indicates how many recordings were excluded at each step in the SQI process.

The SpO2 and HR values associated with discarded PPG recordings are shown in

Figures 3.18 and 3.19 respectively. After each SQI assessment, the vital sign values are

recalculated from the remaining good-quality sections. Note that before step 1 of the

SQI, the SpO2 and HR displayed are the original medians returned by the Nonin device

and are therefore rounded to the nearest whole number (and, where recordings were

empty or files not received, a value can still be displayed). Our subsequent calculations

return the mean. The SQI strategy excluded 26 of the 46 low (<90%) SpO2 values.
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Figure 3.16: Example of SQI highlighting poor quality sections in a PPG recording.

Diaries

n = 10,000

PPG not recorded

n = 207

PPG files recorded

n = 9,793

Excluded due to:

• PPG file empty, n = 43

• Too short, n = 58

SQI assessment performed

n = 9,692

Excluded from SQI(Invalid)

n = 30

Excluded from SQI(Flags)

n = 81

Excluded from SQI(DTW)

n = 200

Good quality PPG

n = 9,381

Figure 3.17: Flowchart for exclusion of poor-quality PPG recordings using the SQI algorithm.
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Figure 3.18: Antenatal (left column) and postnatal (right column) SpO2 values excluded due
to poor quality. After each stage of the SQI algorithm (top, middle and bottom plots), SpO2 is
recalculated from the good-quality sections of the recording.
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Figure 3.19: Antenatal (left column) and postnatal (right column) HR values excluded due
to poor quality. After each stage of the SQI algorithm (top, middle and bottom plots), HR is
recalculated from the good-quality sections of the recording.
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3.5 Conclusion

The 4P study aimed to collect information on maternal vital signs and other pregnancy-

related information from women experiencing a normal pregnancy. The recruitment

target of 1,000 women was met in December 2016, and now the final stages of follow up

and data cleaning are underway. The 4P data collected from women who had delivered

by July 2016 will be used in the following chapters of this thesis.

An essential check for any dataset is to ensure good-quality data. In this chapter we

examined the PPG waveforms from the pulse oximeter from which HR and SpO2 are

calculated. These waveforms are particularly sensitive to motion artefacts. We demon-

strated how dynamic time warping could be used for beat-to-beat comparison to identify,

and subsequently remove, artefactual beats in the PPG waveform. In the next chapter,

we use the good-quality PPG waveforms and the smartphone accelerometer waveforms

to derive a robust method for estimation of RR using signal-processing techniques.



Chapter 4

Respiratory rate estimation

Respiratory rate (RR) is one of the best physiological indicators of patients at risk.

An increase in ventilation reflects a lack of oxygen and is often the first sign of distress

for respiratory diseases or complications such as hypoxia (oxygen deficiency), pneumonia

(inflammation of the alveoli), or asthma (inflammation of the airways of the lungs).

Relative changes in RR are much greater than changes in HR or SBP, and is therefore

an important indicator of physiological deterioration [53, 88].

However, RR is the only vital sign that is not routinely measured electronically. The

WHO recommends manual observation of respirations for 60 seconds [89]. In standard

maternity practice, the midwife observes chest wall movement for 15 or 30 seconds,

then multiplies to get an estimate of RR in respirations per minute (rpm). Several

studies have demonstrated the inaccuracy of this practice, such as Lovett et al. [8] who

compared respiratory rates from triage nurses in Emergency Departments (counting

respiration for 15 seconds) to the gold standard measurement (counting respiration for

60 seconds) and found a low correlation between the two methods [90]. The burden of

manual measurement may explain the poor accuracy and indeed the cases where RR

measurement is altogether missed out [42].

This chapter focuses on the derivation of RR from two non-invasive devices, the

pulse oximeter (introduced in Section 3.4) and a smartphone accelerometer, and on the

62
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assessment of their suitability for robust RR measurement during pregnancy using data

from the 4P study. We suggest that a robust measurement is one that is more precise

than the current standard manual measurement, and one that performs consistently

across the entire range of respiratory rate values.

4.1 Mechanics of breathing

There are several effects of respiration that can be measured. These include: airflow

through the nasal passages during respiration, often measured externally at the nose

and mouth; vibrations of vessels in the chest as air passes through; physical movement

in response to the expansion and contraction of the lungs during breathing; and changes

in heart rate frequency due to an autonomic response from stretch receptors in the lungs.

In this section we describe the mechanical effects and autonomic responses to breathing,

as they can be measured using non-invasive instrumentation.

4.1.1 Movement detection

The most visible change during breathing is the mechanical expansion and contraction

of the thorax (rib cage) as the lungs physically fill with air and then deflate. This

movement is what nurses observe when counting respirations, and can be measured by

any device that quantifies movement or displacement, such as an accelerometer, strain

gauge, or impedance method.

Movement of the thorax also affects the intrathoracic pressure which in turn alters

peripheral blood volume, and therefore pulse strength [91]. These latter changes can be

monitored with a pulse oximeter device as amplitude variation in the PPG waveform.

4.1.2 Heart rate variability

The variability of HR is widely used to investigate neural regulation of the heart [92].

The heart rhythm is mediated by the sinus node in the left atrium of the heart, which
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is innervated by both the sympathetic and parasympathetic autonomic nerve divisions.

The activation of either sympathetic or parasympathetic nerves is accompanied by an

inhibition in the other: parasympathetic activation acts rapidly to slow HR, while sym-

pathetic activation acts slowly to cause an increase in HR and heart contractility [93].

Since these mechanisms occur at different frequencies, it is possible to identify and quan-

tify the sympathovagal balance in the frequency domain.

Heart rate variability (HRV) is the analysis of the variations of the intervals between

consecutive normal heart beats. The human HRV frequency spectrum contains three

components: a high frequency (HF), low frequency (LF) and very low frequency (VLF)

[93, 94]. Figure 4.1 shows an example HRV spectrum, derived from the pulse oximeter

recording of a 4P woman at 31 weeks gestation.

It is generally accepted that the HF component (∼0.25 Hz) reflects RR due to Res-

piratory Sinus Arrythmia (RSA). RSA is the cyclical variation in HR due to respiration:

during inspiration, stretch receptors within the lungs send inhibitory projections to the

cardiac vagal neurons (parasympathetic), resulting in an elevation of HR; and the reverse

occurs during expiration [91]. RR can therefore be estimated from the HR component of

the HRV spectrum. The LF component (∼0.1 Hz) is thought to be either due to cardiac

sympathetic activity, or the regulation of cardiac activity through baroreflexes [93, 95].

The VLF component is not well characterised, thought to be either from changes due

to thermoregulatory mechanisms or peripheral chemoreceptors [96].
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Figure 4.1: An example of the HRV spectrum with the high frequency (HF, corresponding to
RR), and low frequency (LF) components indicated.
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4.2 Related work

Methods of automatically monitoring respiration are usually either devices that measure

the flow of air (eg. facemask or nasal cannula), or observe the movement or tissue

composition of the abdomen or chest (eg. chest band). Many of these methods are

obtrusive in nature, require time to set up and are poor in accuracy, which has led to

a search for simpler, low-cost devices that would be suitable for remote monitoring. In

this section we investigate previous attempts to derive RR from the pulse oximeter and

the accelerometer, two devices which are non-invasive and readily available.

4.2.1 Respiratory rate from accelerometers

Accelerometers measure respiratory effort by using spatial information. Although ac-

celerometers are starting to be utilised to derive RR and HR, this remains primarily an

area of research. The earliest studies used uni-axial (single direction) or bi-axial (in two

directions) accelerometers [97]. Tri-axial accelerometers (measured in three directions,

usually orthogonal x − y − z axes) are now standard, typically fastened to an elastic

band around the subject’s chest (for example, see Figure 4.2a). Other locations include

a belt around the abdomen (Figure 4.2b) [98], an adhesive patch on the chest [99], or as

a wrist-worn device [100].

Before estimating RR, a single respiratory axis needs to be chosen or extracted from

the three-orthogonal axes available. Simpler studies choose one axis for analysis [101,

102, 100], while others project the three axes onto a single respiratory axis using Principal

Component Analysis (PCA) [103, 98] or previous observation of a maximum signal

[104]. The axes can also be summed due to their orthogonal nature [105]. RR derivation

techniques are often straightforward, using peak detection or frequency domain analysis.

Related to the accelerometer are gyroscopes, often coupled together in the hardware

of mobile devices. While accelerometers measure acceleration in a certain direction,
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(a) Positioning of accelerometer around
chest. Reproduced from [101].

(b) Positioning of accelerometer around
the abdomen. Reproduced from [98].

Figure 4.2: Examples of accelerometer positioning to measure RR.

gyroscopes measure rotation around an axis (also typically orthogonal x − y − z axes)

from which RR can also be derived.

Accelerometers in-built into everyday mobile devices are now being used for RR esti-

mation. Recently, Estrada et al. (2015) [101] strapped a smartphone (Samsung Galaxy

S3) to the chest and compared the z-axis accelerometer trace with a commercial uni-axial

accelerometer aligned in the same direction (Figure 4.2a). RR was extracted using peak

detection of the time-domain respiratory signal. There was high correlation between

respiratory rates derived from the smartphone and reference accelerometers (limits of

agreement: -1.44-1.46 rpm), indicating that the hardware in mobile devices is sufficiently

robust for such a healthcare application. RR has also been derived from a wrist worn

smartwatch (Samsung Galaxy Gear) [100]. This proof-of-concept study used subjects

either in a controlled experimental environment (sitting, standing or supine positions),

or overnight while asleep. It is therefore not surprising that RR estimates obtained from

Fourier analysis were within 1 rpm of the gold standard chest belt. They also extracted

RR from the in-built gyroscope, which was more accurate than RR extracted from the

accelerometer. A particular challenge with wrist-worn devices is elimination of motion

artefacts since the hands are rarely still. Most accelerometer-derived respiratory rates
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discard high artefactual periods, which for wrist-worn devices, may inhibit their use in

regular ambulatory care.

Surprisingly few studies report utilising the related gyroscope signal. Bates et al. [99]

derived the rotation angle from accelerometers rather than using gyroscope hardware due

to high power concerns. Hernandez et al. [100] used three accelerometer axes and three

gyroscope axes, yet extracted the final respiratory waveform as the channel with the most

periodic signal, not utilising any additional information provided by the gyroscope.

All of the studies mentioned here unfortunately suffer from small sample sizes, often

15 or less subjects; however they demonstrate how RR can be successfully derived from

accelerometer and/or gyroscope waveforms.

4.2.2 Respiratory rate from the pulse oximeter

RR was first derived from the pulse oximeter in the early 1990s, originally inspired by the

work of those researchers who derived respiratory activity from the electrocardiogram

(ECG), a measure of the electrical activity of the heart. The delay in incoporating RR

into commercial devices is partly due to the availability of more reliable RR measurement

methods in clinical environments, such as spirometry or capnometry, and sensitivity to

motion artefacts [86]. However, RR from the pulse oximeter remains a practical solution

for remote or resource-poor locations where no other measurement techniques are readily

available.

RR derivation from the PPG waveform first requires the extraction of a respiratory

signal. Breathing causes frequency-modulation of HR by RSA as discussed in Section

4.1.2, and two types of amplitude-modulation caused by changes in intrathoracic pres-

sure which affects peripheral blood volume (measured by baseline wander) and subse-

quently causes changes in pulse strength (measured by height of the PPG waveform).

The extraction of these three respiratory signals from the PPG waveform (frequency-

modulation, FM; bsaeline wander, BW; amplitude-modulation, AM) are illustrated in
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Figure 4.3: Illustration of how the three respiratory signals (FM, BW and AM) are extracted
from the PPG waveform.

Figure 4.3 [106]. Most techniques to extract RR from the PPG utilise the amplitude-

modulation effects of respiration [107, 108, 109, 110, 111, 112, 113, 114]. Fewer studies

have used frequency-modulation [115, 116], however it is becoming more common to com-

bine amplitude- and frequency-modulation techniques since the same signal processing

techniques can be applied to both types of extracted respiratory signal [117, 86, 118].

The earliest methods to derive RR from the PPG waveform used digital filtering

to identify amplitude changes. A mixture of band-pass and low-pass filters were used,

usually with subsequent peak detection or manual annotation to estimate RR from the

resulting respiratory waveform [114, 113, 119]. These methods performed adequately

for feasibility studies, but digital filtering alone was superseeded by more sophisticated

techniques.

The wavelet transform decomposes a signal into a series of characterising signals

at different frequencies. This has been a popular time-frequency analysis tool to esti-

mate RR from PPG. Leonard et al. [120] used the Continuous Wavelet Transform with

Secondary Wavelet Feature Decoupling to select the respiratory components. Their
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method is now fully automated and results from 12 subjects breathing spontaneously in

the seated position, gave errors of less than 0.5 rpm. Further studies with wavelets have

also shown promising results [121, 117]. The main criticism of the wavelet transform

in RR estimation is the difficulty caused by motion artefacts as their frequency content

often overlays with RR frequencies.

Auto-Regressive (AR) models are also attractive because they only require a few

cycles or fraction of a cycle to obtain a reliable frequency estimate. AR models have

frequently been used to derive RR from PPG, with varying success. Fleming et al. [107]

used an 11th-order AR model on 5-minute PPG segments from the MIMIC database1

which performed favourably when compared to digital filtering and wavelet-based meth-

ods. In 2009, Chon and Lee [115] employed the same AR model and compared it with

their own variable-frequency complex demodulation (VFCDM) method for estimating

RR. VFCDM gave more accurate RR estimations than the AR model, however they did

not use PPG records with spontaneous breathing. Chon and Lee have since revisited

and further developed their AR model [110, 111], because an AR model can estimate

high respiratory rates accurately and handle the dynamics of breathing transitions.

Other methods used to extract respiratory information from PPG include neural

networks [109], PCA [122], the Wigner-Ville distribution [118] and Empirical Mode

Decomposition [112].

4.2.3 Fusing respiratory rate estimates

Data fusion methods are approaches that combine multiple methods of deriving RR

to select the most appropriate RR estimate. Usually this invovles taking the mean or

median of multiple respiratory estimates [118, 121].

In research with accelerometers, the dominant respiratory axis is usually extracted

1A freely accessible critical care database where the PPG is recorded during spontaneous breathing.
https://mimic.physionet.org/.
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or chosen before estimation of RR. Thus only one rate is presented. In contrast, RR

from the PPG waveform is usually calculated from each derived respiratory signal, such

as the frequency-modulated or amplitude-modulated signal, before seeking to combine

estimates to obtain a final, more accurate, RR. The underlying assumption is that the

different modalities in which respiration affects the PPG are complementary. This is rea-

sonable since amplitude and intensity variations are mechanical effects, and frequency-

modulation is neurological.

Methods that take multiple features to obtain a single result are also instances of

data fusion. One of the earliest examples of data fusion in RR is a neural network [109].

Here the authors extract 5 features from each beat in the PPG waveform: peak value,

previous trough value, time since last peak, pulse amplitude, and intensity variation

(from bandpass filtering). The features for 5 consecutive beats were presented to a

neural network which determined whether the input followed inspiration, expiration or

neither. A neural network allows a complex decision boundary without full knowledge

of the statistical properties of the data. However, the lack of transparency and binary

output also limits understanding.

The fusion method that has gained the most popularity is “smart fusion” proposed

by Karlen et al. [86]. Three respiratory signals are derived from the PPG: frequency

modulation, amplitude modulation and intensity variation (which we will refer to as

baseline wander). The signals are resampled to 4 Hz and RR estimated as the largest

magnitude frequency of the Fourier transform. Windows of data (32 seconds in length)

are labelled “untrustworthy” if they contain artefacts or the three RR estimates have

a standard deviation greater than 4 rpm. The final RR is fused only for trustworthy

windows, calculated as the mean of the three respiratory estimates. Although smart

fusion improved RR estimates, the main criticism of this data fusion approach is the

high rate of data exclusion. 41.3% of windows were excluded due to being untrustworthy.
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An improvement to smart fusion would be the incorporation of uncertainty about the

estimates. Zhu et al. [123] propose a probabilistic Bayesian model, BCLA, to fuse RR

estimates from different algorithms, particularly advantageous when the ground truth

is unknown. Gamma and Gaussian distributions are included as priors and the model

solved using Expectation-Maximisation where the hyperparameters are calculated as

Maximum-a-priori. Results from BCLA were compared to those using “smart fusion”

using the same dataset and pre-processing as described by Karlen et al. [86]. Respiratory

estimates fused using BCLA were obtained for all data windows compared to “smart

fusion” where 41.3% of windows were discarded, and had a lower mean absolute error.

This study demonstrates how a probabilistic model can perform reliable fusion despite

substantial noise.

4.2.4 Respiratory rate in pregnancy

To the best of our knowledge, the methods described here to derive RR from a pulse

oximeter, accelerometer and/or gyroscope, have not been tested in pregnancy. There

are two main reasons why pregnant women may not have been popular candidates for

RR derivation. Firstly the physically growing chest and abdomen of the woman may

inhibit the securing of devices used to monitor mechanical chest wall movement during

respiration, such as accelerometers. Additionally, it is unknown how the cardiovascular

adaptations during pregnancy affect respiratory-induced modulations of blood volume

and HR. RR derived from the PPG waveform relies on the detection of these mechanical

and neurological modulations, which may be reduced or emphasised during pregnancy.

Earlier work by Loerup [124] in our research group investigated RR in pregnancy,

using data from system 0 of the 4P study (Section 3.2). Results were promising but

suffered from the inaccuracy of the reference RR (based on a 15-second count of chest

wall movement). The work described in this chapter builds on this earlier work.
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4.3 Dataset

Respiratory measurements performed using system 3 of the 4P study were used to de-

velop and validate an electronic RR algorithm. System 3 recordings were chosen be-

cause midwives counted respirations for 60 seconds, as recommended by the WHO. For

each recording, the PPG waveform was available from the Nonin finger pulse oximeter,

and tri-axial accelerometer and gyroscope waveforms were available from the Samsung

Galaxy S3 smartphone placed on the woman’s chest (Section 3.2.1). As described in

Section 3.2.2, the pulse oximeter recording in the midwife version of the 4P tablet app

went for the duration of a Manual HR count and the RR count. Only the section of the

PPG waveform corresponding to the RR count was used for analysis (see Figure 4.4).

The position of each breath was indicated midwife taps on the tablet keypad.

Figure 4.4: Illustration of the alignment between the accelerometer/gyroscope waveforms from
the smartphone (top) and PPG waveform from the pulse oximeter which is connected to the
tablet (bottom). During the pulse oximeter recording, the midwives perform a Manual HR count
before starting RR.

From 7 July 2015 to 22 March 2016, there were 912 respiratory measurements

recorded using system 3. 165 recordings were excluded because they were missing either

the PPG waveform, accelerometer/gyroscope waveform, or the midwife taps indicating

each breath. A further 8 recordings were excluded based on comments by the midwife

about recording inaccuracies, and 42 more recordings excluded due to disagreements
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between the RR recorded and the number of breaths indicated on the tablet. Dupli-

cate recordings (two measurements on the same participant at the same appointment,

n = 256) were not excluded. Therefore, a total of 697 recordings from 152 women were

used for respiratory analysis (334 from Oxford; 2 from London; 361 from Newcastle).

595 of the measurements were recorded during the antenatal period, and 102 recorded

during the postnatal period (see Figure 4.5).
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Figure 4.5: Distribution of recordings available for respiratory rate derivation in antenatal
and postnatal periods.

4.3.1 Reference respiratory rate

RR is typically recorded as a whole number of respirations per minute. As previously

mentioned, during the 60-second RR measurement in system 3 of the 4P study, midwives

tapped a keypad button on the tablet screen once per respiratory cycle. The midwives

were not given any instruction about which stage of the breathing cycle to tap the tablet,

but they were asked to be consistent in their choice. To validate the gold standard RR

(counting respirations for 60 seconds), we compare the RR recorded by the midwives

with a RR estimate derived from the tablet keypad taps.
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Methodology

RR from keypad taps has recently been presented in the literature as a faster alternative

to a 60-second count. Karlen et al. [125] present a free mobile application, RRate, which

uses consecutive taps to estimate RR. The length of a breath (time between consecutive

taps) must be compliant with those of the surrounding breaths, otherwise more breaths

are required. For real-time monitoring, there is a trade-off between the number of

breaths to be used for respiratory estimation (window length), and the accuracy of the

final measurement. When compared to the official WHO timer, RRate measured RR

with a similar accuracy but in less time [126].

We utilise a similar algorithm to calculate RR from the midwife taps (RRTaps).

Breath length, bi, is defined as the difference between consecutive taps. The compliance

of each breath, Ci (%), is measured by comparison of the breath length to the median

breath length of that recording, bm, described by:

Ci =
|bi − bm|
bm

100 (4.1)

If the maximum compliance in the recording is larger than a pre-defined threshold,

Cth, the breath length furthest from the median is excluded, and the median and compli-

ance recalculated. This iterative process is continued until the compliance of all breaths

within a recording are below the threshold. RR is then calculated in breaths per minute

from the mean breath length. After the removal of outliers, we can assume that breath

lengths are normally distributed due to human error and neurological modulation.

Results

We empirically chose a compliance threshold of 50%. This means, for example, a median

breath length of 4 seconds (equivalent to 15 rpm) requires all breath lengths for that

recording to be within ± 2 seconds of the median (equivalent to between 10 and 30 rpm),



Chapter 4 - Respiratory rate estimation 75

otherwise they are discarded. A 50% compliance threshold was found to be sufficient

to exclude unreasonable outliers. Values below this made little difference to the final

RR since the majority of breath lengths were tightly clustered (median compliance of

all breath lengths from all recordings before exclusions was 9.5%).

The Bland-Altman plot in Figure 4.6 shows the difference between RRTaps and the

60-second original midwife count, RR60sec. RRTaps is an average of 0.8 rpm higher than

RR60sec. This is to be expected due to the quantised nature of RR reporting that causes

manual measurements to be rounded down to the nearest breath. In Figure 4.7 the

difference in measurements are grouped by RR60sec. There is a large spread in RRTaps

for each group, such as at 15 rpm. The mean of each group is within 1 rpm of the

midwife count, except for those groups at 12, 18 and 19 rpm.

The difference between RRTaps and RR60sec is greater than 2 rpm for 73 (10.5%)

recordings. These are most often cases where taps have been missed at the start or

middle of the recording, or the recording is poor quality. Consider the three exam-

ple accelerometer traces in Figure 4.8 where the timings of the tablet keypad taps are

indicated.
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Figure 4.6: Bland-Altman plot of differences between respiratory rate estimates RRTaps and
RR60sec. Note one data point not shown at {15.0, 18.7}.
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Figure 4.7: Difference between respiratory rate estimates RRTaps and RR60sec. Note one data
point not shown at {15.0, 18.7}.
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Respiratory rate recorded by the midwife (RR60sec) is inconsistent with respiratory rate esti-
mated from breath lengths (RRTaps).
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In the first example, visual examination suggests there are probably three missed

taps, one at 15, 25 and 45 seconds. The midwife has recorded RR as 18 rpm, with

19 taps indicated over 60 seconds. Taking into account the probable missed taps, this

RR is most likely incorrect, and a better estimate would be 21 rpm (22 taps). The

RRTaps agreed with this updated estimate (21.1 rpm), as the algorithm excluded the

three longest breaths (where taps are most likely missed) from the RR calculation due

to poor compliance. Had RR been calculated from the average breath lengths before

the exclusion of outliers, the inaccuracy of the RR60sec measurement would have been

missed.

In the second example in Figure 4.8 the first tap is at 30 seconds, indicating the

unlikely absence of breathing in the first half of the recording. From 37 to 59 seconds

we observe 14 reasonably evenly-spaced taps (maximum breath compliance = 52.2%).

Since the taps suggest 15 breaths occurred within the last 30 seconds, the midwife RR

of 15 rpm is unlikely to be accurate. RRTaps calculates the RR as 33.7 rpm which is

high for a normal adult. The inconsistency between RR60sec and RRTaps suggest that

this recording is not suitable for RR analysis.

The final example in Figure 4.8 presents a recording with few sparsely spaced taps.

A total of 11 taps are indicated (10 rpm) with breath lengths ranging from 1.1 to 16.8

seconds (equivalent of between 3.6 and 54.0 rpm). RR accuracy is therefore questionable.

The accelerometer trace is also noisy, suggesting the participant was talking or moving,

further complicating the estimation of RR.

Reference respiratory rate distribution

We use the RRTaps measurement as the reference RR to evaluate the RR estimates de-

rived from the pulse oximeter and smartphone accelerometer waveforms. Those cases

where RRTaps does not agree to within 2 rpm of RR60sec are excluded since this indi-

cates some error with tapping or the RR reporting, and therefore the correct RR is not
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known. RRTaps thus provides a validated, non-quantised reference RR. The distribution

of RRTaps for the dataset considered in this chapter is shown in Figure 4.9. Respiratory

rate ranges from 5.5 to 25.6 rpm with most measurements between 10 and 20 rpm.
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Figure 4.9: Histogram of validated respiratory rates

4.4 Respiratory rate algorithms

In this section we describe the methodology for deriving RR from the accelerometer and

gyroscope waveforms, and the PPG waveform. RR can be directly obtained from the ac-

celerometer and gyroscope signals after removing noise, since they directly measure me-

chanical movement during respiration. RR from the PPG waveform first requires extrac-

tion of respiratory information from either the HRV signal or the amplitude-modulation

caused by indirect effects of chest wall movement (see Section 4.2.2).

4.4.1 The accelerometer and gyroscope waveforms

Accelerometer and gyroscope information is recorded from the in-built hardware in the

Samsung Galaxy S3 smartphone, placed on a women’s chest while she is slightly reclining

(see Figure 3.4 in Section 3.2.1). We refer to the 3 orthogonal accelerometer axes as Ax,

Ay, and Az, and the 3 orthogonal gyroscope channels as Gx, Gy, and Gz. We use the

waveforms of all six channels for respiratory analysis. The respiratory signal typically

appears as baseline wander in accelerometer and gyroscope signals. HR information is

often visible in the gyroscope signal, as shown in Figure 4.10.
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Figure 4.10: Example of a gyroscope waveform (y-axis). Respiration is the underlying low-
frequency waveform. The vertical spikes indicate heart rate.

The Samsung Galaxy S3 samples the accelerometer at approximately 100 Hz, and

the gyroscope at approximately 200 Hz. Both the accelerometer and gyroscope channels

were resampled to 96 Hz before further processing. All signals were then low-pass filtered

below the expected HR frequency and high-pass filtered to remove any baseline offset.

All filters were Butterworth IIR filters, and each signal was filtered twice (forwards and

backwards) to obtain a zero-phase shift2.

Different filter limits were chosen for the accelerometer and gyroscope signals due to

differences observed in the frequency spectra. The gyroscope channels contained more

high-frequency noise (above 0.4 Hz) than the accelerometer channels, although in both

the gyroscope and accelerometer signals it was apparent that the dominant respiratory

frequencies were between 0.08 and 0.40 Hz (4.8 to 24.0 rpm) (Figure 4.11). To ensure

sufficient attenuation of the high-frequency noise in the gyroscope signal, the low-pass

cut-off for the gyroscope data was reduced to 0.3 Hz, but the equivalent cut-off frequency

for the accelerometer data was maintained at 0.5 Hz. At the other end of the spectrum,

we observed more low-frequency noise in the accelerometer channels compared to the

gyroscope. The high-pass cut-off frequency for the accelerometer channels was therefore

fixed at 0.12 Hz, and that for the gyroscope channels set to be 0.08 Hz. The filter

responses are shown in Figure 4.12. The filtered signals were then downsampled to 4

Hz, to obtain the final respiratory signals from which RR is estimated.

2MATLAB function filtfilt
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Figure 4.11: Superimposed normalised frequency spectra of a sample of the accelerometer (left
column) and gyroscope (right column) recordings, before (top) and after (bottom) filtering. The
filter limits are indicated by the vertical dashed lines (pass frequency in green; stop frequency
in red).

0 0.5 1 1.5

Frequency (Hz)

-50

-40

-30

-20

-10

0

M
ag

ni
tu

de
 (

dB
)

Accelerometer filters

L
o

w
-p

as
s

Low-pass filter (Acc)
FPass 0.50 Hz (30.0 rpm)
FStop 1.00 Hz (60.0 rpm)

0 0.5 1 1.5

Frequency (Hz)

-50

-40

-30

-20

-10

0

M
ag

ni
tu

de
 (

dB
)

Gyroscope filters

Low-pass filter (Gyro)
FPass 0.30 Hz (18.0 rpm)
FStop 0.70 Hz (42.0 rpm)

0 0.05 0.1 0.15 0.2 0.25

Frequency (Hz)

-50

-40

-30

-20

-10

0

M
ag

ni
tu

de
 (

dB
)

H
ig

h
-p

as
s

High-pass filter (Acc)
FPass 0.12 Hz (7.2 rpm)
FStop 0.05 Hz (3.0 rpm)

0 0.05 0.1 0.15 0.2 0.25

Frequency (Hz)

-50

-40

-30

-20

-10

0

M
ag

ni
tu

de
 (

dB
) High-pass filter (Gyro)

FPass 0.08 Hz (4.8 rpm)
FStop 0.05 Hz (3.0 rpm)

Figure 4.12: Filter responses for the low- (top) and high-pass (bottom) Butterworth IIR
filters used to process the accelerometer (left column) and gyroscope (right column) signals.
The attenuation in the stop-band is 20 dB in both the forward pass and the backward pass,
giving an overall attenuation of 40 dB.
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4.4.2 The PPG waveform

All peaks and troughs in the PPG waveform were identified using the peak detector

described in Appendix B.1. The three respiratory signals, FM, BW and AM, were then

extracted from the PPG (see Figure 4.3):

• Frequency-modulation (FM): The FM signal captures changes in HR frequency

(HRV) by plotting the time between consecutive PPG peaks at the time of the first

peak. FM therefore allows analysis of RR due to RSA, the HR variation during the

respiratory cycle controlled by the parasympathetic nervous system (see Section

4.1.2).

• Baseline wander (BW): The troughs and corresponding time points were ex-

tracted for the BW signal. This captures the variation in perfusion baseline caused

by chest movement during breathing.

• Amplitude-modulation (AM): The AM signal is the height of each PPG beat

(peak - previous trough), plotted against the time point of the corresponding

trough. This captures the changes in pulse strength caused by chest wall movement

during breathing.

The signal quality index (SQI) tool described in Section 3.4 was applied to the respi-

ratory window (60 seconds) of the PPG waveforms considered for respiratory analysis.

Where the SQI tool highlighted poor-quality beats in the PPG waveform, the points

derived from the corresponding peaks and troughs are removed from the FM, BW, and

AM signals. New points were estimated using linear interpolation of the neighbouring

points up to 5 seconds. If poor-quality sections were longer than 5 sections, the period

from the start of the recording to the poor-quality section was removed (or from the

poor-quality section to the end of the recording, whichever interval was shorter). If

more than 30 seconds of a signal was excluded due to poor-quality, the entire recording

was discarded with no attempt at RR estimation.
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Poor-quality sections were treated in this way because the extraction of respiratory

signals from the PPG relies on the position of peaks or troughs in the original PPG wave-

form. Any poor-quality beats where the peaks or troughs are not correctly positioned

cause outliers in the derived respiration signals. Outliers then corrupt the frequency

spectrum which make it more difficult to determine the correct RR. An example of this

effect is shown in Figure 4.13. Outliers can also be introduced as a result of the detection

of false peaks. Since the PPG SQI algorithm also begins with peak detection, false peaks

would usually cause the corresponding beats to be marked as poor-quality.

As most frequency analysis techniques require a uniformly sampled signal, the respi-

ratory signals were re-sampled to 4Hz using linear interpolation. Low frequencies below
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Figure 4.13: Points derived from poor-quality beats in the PPG waveform, are re-estimated
by linear interpolation of the neighbouring points. Top: Original PPG waveform with poor
quality sections highlighted (grey) and peaks identified from which the frequency modulated
(FM) respiratory signal is derived. Middle: FM signal before (dashed line) and after (solid
line) linear interpolation of poor quality sections. Bottom: Corresponding frequency spectra
for the original FM signal (dashed line) and after exclusion of poor quality sections (solid line).
High-frequency noise has been reduced after exclusion of poor-quality sections, and the mean
peaks are now between 8 and 16 rpm which will change the respiratory rate estimate.
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Figure 4.14: Butterworth IIR high-pass filter used to attenuate low frequencies in the respi-
ratory signals derived from the PPG waveform.

the respiratory frequency (and therefore not of interest) were attenuated using a But-

terworth IIR high pass filter with a cut-off frequency of 0.25 Hz (15.0 rpm) and 20 dB

attenuation at 0.08 Hz (4.8 rpm) (Figure 4.14). Signals were filtered twice (forwards and

backwards) so there was a zero-phase shift, and a total of 40 dB attenuation at 0.08 Hz.

The use of a high-pass filter was considered necessary for the PPG-derived respiratory

waveforms beause the low-frequency spectrum is thought to be altered by pre-processing

steps embedded in commercial pulse oximeters [117]. The removal of low frequencies is

also particularly important for the FM signal. HRV causes two major peaks in the

frequency spectrum (see Section 4.1.2). The HF peak corresponds to the RR, and so

the LF and VLF peaks need to be attenuated by the high-pass filter . However, when

the RR was low (<10 rpm), the high-pass filter partially attenuated the RR frequency

and so a different high-pass filter with a lower cut-off (0.15 Hz, 9 rpm) was used instead.

The signals thought to contain a low RR were identified using the respiratory quality

index described in the next section.

4.4.3 Respiratory Quality Index

We used a simple Respiratory Quality Index (RQI) using autocorrelation to obtain infor-

mation about the quality of the respriatory signals derived from the PPG, accelerometer,

and gyroscope waveforms.

Autocorrelation describes how strongly a signal is correlated with itself. The corre-
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lation coefficient is computed as the sample correlation, rk, between pairs of samples k

units apart, and is normalised by the overall mean, ȳ, and overall sum of squares, c0, as

described by:

rk =
ck
c0
, where ck =

n∑
t=k+1

(yt − ȳ)(yt−k − ȳ), k = 1, 2, ... (4.2)

The sample correlation is a number between -1 and 1, where a 1 indicates perfect cor-

relation, as would be expected for a sinusoid when the delay is equal to one period. We

define RQI(acf) as the highest correlation coefficient between 0.05 and 0.55 Hz (3 to 33

rpm) which corresponds to a time delay of between 1.82 and 20.0 seconds. For example,

the correlation coefficients of a typical respiratory waveform is shown in Figure 4.15

where the RQI(acf) is 0.66.
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Figure 4.15: Illustration of calculation of RQI(acf) to assess signal quality of respiratory
signals derived from the PPG waveform and accelerometer.

RQI(acf) for re-filtering PPG-derived respiratory signals

We hypothesised that when the RR is low, the current proposed filter (Figure 4.14)

would attenuate some or all of the respiratory frequency from the PPG-derived signals

(FM, BW, and AM). The resulting signal would not contain a sinusoidal respiratory

signal, and therefore have a low RQI(acf). A different high-pass filter would be required

that did not attenuate the respiratory frequency.

If RQI(acf) was less than 0.4 after the high-pass filtering of a PPG-derived signal,

we re-filtered the signal using a high-pass filter with a transition band of 0.05 to 0.15
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Hz. The filter response of the new filter is compared with the original filter in Figure

4.16. If the new filter improved the RQI(acf) we kept the resulting signal and continued

wth RR estimation, otherwise the original filter was used. A flowchart of this process is

illustrated in Figure 4.17, and an example of the difference this makes for signals with

a low RR is in Figure 4.18.
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Figure 4.16: Modified Butterworth IIR high-pass filter for respiratory signals with poor signal
quality. The original filter response is shown in grey.
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Figure 4.17: Flow chart of how respiratory quality index (RQI) is utilised to provide more
appropriate low pass filtering to the PPG-derived respiratory waveforms.
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Figure 4.18: Re-filtering signals with a low RQI(acf) can improve signal quality. In this
example RQI(acf) from the respiratory signal of the first filter is 0.32 compared to 0.62 from
the second filter. Breaths are more visible in the second case. Note respiratory frequency
(RRTaps) is low (<10 rpm).

4.4.4 Principal component analysis

Principal component analysis (PCA) is a non-parametric tool for extracting relevant

information from complex or confusing data sets [127]. The principal components are

orthogonal axes orientated such that maximum variance is captured. PCA is often used

for dimensionality-reduction.

Researchers in RR derivation have long recognised that some respiratory mechanisms

are more dominant in some individuals than others, so deriving multiple respiratory

waveforms can enhance respiratory accuracy [117]. This is particularly true for the

PPG waveform where indirect effects of respiration are measured, which depend on age,
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health, weight, and other factors. The smartphone axes are not necessarily aligned with

physical movement during respiration. Smartphone orientation on the chest may also

be different between individuals due to bust size or mechanisms used for breathing.

Previous research suggests that a dominant respiratory axis can be extracted from the

orthogonal accelerometer and gyroscope axes using PCA [103]. Jin et al. found that the

respiratory signal yielded from the dominant principal component led to more accurate

RR estimation compared to choosing a the x, y, or z axis. We therefore extracted

the principal component of the filtered accelerometer and gyroscope channels (referred

to as Ap and Gp respectively), by taking the eigenvector (principal component) with

the largest associated eigenvalue. Figure 4.19 illustrates the positions of the principal

components in x−y−z space for an example accelerometer recording. RR was estimated

from Ap and Gp in addition to the six individual accelerometer and gyroscope channels.

We also applied PCA to the three respiratory signals derived from the PPG waveform

(FM, BW and AM), since they all represent the same respiratory signal. We refer to

the principal component of the PPG-derived signals as PC.

Ay
Ax

A
z

Figure 4.19: The principal components (black, red, green) of the three accelerometer axes.
Here, the green principal component has the largest eigenvalue (i.e. it explains most of the
variance in the data), so data is projected along this “respiratory” axis to obtain Ap.
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4.4.5 Respiratory rate calculation

We estimated RR using three techniques: the Fourier transform (frequency domain), an

Auto-Regressive (AR) model (frequency domain), and peak detection (time domain).

Furthermore, we obtained three RR estimates from the AR model, utilising different

properties. These five algorithms will be referred to as the “respiratory methods”.

For frequency based techniques, we defined a respiratory range, RR range, from 0.05

to 0.55 Hz (3 to 33 rpm) within which we expected the respiratory frequency to be

located. This includes the normal adult breathing range of 12 to 20 rpm [88, 44] and

the top limit exceeds the maximum expected RR of 24 rpm in the reference data (see

Figure 4.9).

Fourier transform:

The Fourier transform decomposes a time-series signal into a sum of sinusoids at varying

frequencies. We use the Fast Fourier Transform (FFT) with a Hamming window to

obtain the frequency spectrum. RR is estimated as the frequency with the largest

magnitude within RR range. Estimates from the Fourier transform will be referred to

as FFT:max.

AR model:

The AR model is a set of auto-correlation functions that predicts each value in a series

as a linearly-weighted sum of the preceding M values of the same series plus an error

term, e[n], described by:

x[n] =
M∑
k=1

akx[n− k] + e[n] (4.3)

M is the model order, which is usually much smaller than the length of the sequence.

The AR model can be formulated as a system of linear equations, where the optimal

weights are those that minimise the error. We use Burg’s method to solve the AR

equations [128]. The AR model can also be written in the form of a filter and therefore
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used for frequency analysis. The transfer function is:

H(z) =
1∑p

k=1 akz
−k =

zM

(z − z1)(z − z2)...(z − zM)
(4.4)

The denominator can be factorised into M terms, each of which defines a root zk corre-

sponding to a pole of H(z). Since H(z) has no finite zeros, the AR model is an all-pole

model. The poles occur in complex-conjugate pairs, and define spectral peaks in the

power spectrum of the signal. Large-magnitude poles correspond to large-magnitude

spectral peaks. The phase angle θ of a pole, gives us the frequency f of the correspond-

ing spectral peak, described by:

θ = 2πf∆t (4.5)

AR modelling is commonly used to extract information in biological systems [129].

We used the AR model in three ways to estimate RR from the respiratory waveforms. We

initially set the model order to M = 5, and then determined the best model order using

autocorrelation. The waveforms were first downsampled to 2 Hz to improve frequency

resolution of the pole-zero plot.

1. AR spectrum (AR:spec): The frequency spectrum from an AR model order 5 is

used to estimate the RR. We selected the frequency with the largest magnitude

power density within the RR range.

2. AR poles (AR:poles): RR is determined directly from the poles of an AR model

order 5. We follow the method suggested by Fleming et al. [107]. Candidate

poles must have an amplitude which is at least 95% of the largest pole magnitude.

First, a narrow RR range from 0.05 to 0.43 Hz (3 to 26 rpm) is searched for a

candidate pole. If no pole is identified, the frequency range of interest is extended

to RR range. If still no pole is selected, RR is not estimated. If there are multiple

candidate poles at any stage, the pole with the smallest angle (corresponding to
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the lowest frequency) is selected. Harmonic poles with a larger magnitude than the

true RR pole sometimes occur, although this is more important for higher model

orders.

3. Best AR model (BestAR:spec): The most appropriate AR model order for the res-

piratory waveform is selected by cross correlation [130]. AR models with orders

between 5 and 11 are considered, from which the frequencies at all poles and fre-

quency spectrum peaks are noted as possible RRs. A pseudo-sine wave signal is

generated at the possible RR frequencies and cross correlated with the original

respiratory waveform. The frequency for which the cross correlation coefficient

has the largest magnitude is chosen as the RR. Thus this method is a combination

of AR poles and AR spectrum peaks, for all model orders.

Peak detection:

Peaks are identified in the time domain of the respiratory waveforms using the peak

detector described in Appendix B.1. The RR is calculated as the inverse of the mean

peak-peak intervals. Outliers are not rejected. Estimates using peak detection will be

referred to as PK:mean.

4.4.6 Evaluation of methods

Respiratory rate estimates from each waveform and algorithm were compared to the

reference RR (derived from tablet taps as described in Section 4.3.1). Algorithm perfor-

mance was assessed by calculating the Absolute Error (AE) in respirations per minute

for each recording, defined by:

AEi = |RRi −RRiTaps| (4.6)

where RRi is the estimated respiratory rate and RRiTaps is the reference respiratory rate

for recording i. The Mean Absolute Error (MAE) across all n recordings was calculated
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as:

MAE =
1

n

n∑
i=1

AEi (4.7)

MAE describes the average error and is a common metric used to evaluate algorithm

performance. Mulitple recordings from the same subject were considered to be indepen-

dent.

The grouped Kruskal-Wallis test, a non-parametric version of the classical one-way

analysis of variance (ANOVA) that uses the chi-square statistic (χ2), was used to deter-

mine any significant difference in the AE distributions between methods used to derive

RR. Posthoc pair-wise Mann-Whitney U test were performed for further investigation.

The Bonferroni corrected p-values are reported [131].

The best respiratory method per waveform was selected based on the lowest median

AE. The grouped Kruskal-Wallis test and pair-wise Mann-Whitney U tests were again

used to compare the AE distributions of each waveform.

The effect of waveform quality on RR estimation was investigated by removing wave-

forms with a low RQI value from the analysis. Waveforms with an RQI(acf) < 0.4 were

removed, and the AEs were recalculated using only the high quality waveforms. Statis-

tical analysis was repeated on the new AE distributions. The correlation of RQI with

respiratory rate and heart rate was assessed by linear regression.

RR estimates from different devices were also compared. A representative waveform

from each device was selected for comparison (e.g. PC from the pulse oximeter, and

Gp from the smartphone). The absolute difference between RR estimates from the two

waveforms was calculated by respiratory method; first for all recordings, and then for

high quality recordings only. The absolute difference distributions were compared using

the statistical tests described above.
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4.4.7 Summary

The methodology for RR estimation from PPG and accelerometer/gyroscope signals is

summarised in the flow diagram in Figure 4.20. PPG signals are first checked using the

SQI tool described in Section 3.4 and discarded if less than 30 seconds of good-quality

signal remains. Three respiratory signals (FM, BW, and AM) are derived from the

PPG waveform, capturing neurological and mechanical effects of breathing. Erroneous

beat-to-beat intervals from poor-quality sections are removed and linear interpolation

used to replace them. All signals are high-pass filtered to eliminate noise, and then

combined using PCA to obtain a fourth respiratory waveform, PC. The smartphone

accelerometer recordings contain three accelerometer axes (Ax, Ay and Az) and three

gyroscope channels (Gx, Gy and Gz). These are low- and high-pass filtered, and then

combined using PCA to obtain Ap and Gp.

Twelve respiratory waveforms are therefore considered for RR estimation. Signal

quality is assessed using autocorrelation, RQI(acf). PPG-derived waveforms with a low

RQI (RQI(acf) < 0.4) are re-filtered with a different high-pass filter that has a lower

cut-off frequency.

RR is estimated from the respiratory waveforms using five methods: (1) FFT fre-

quency spectrum; (2) AR model order 5 frequency spectrum; (3) poles from AR model

order 5; (4) the frequency spectrum and poles from AR model orders 5 to 11; and (5)

peak detection in the time domain. For frequency based methods (Fourier and AR mod-

els), the frequency range of interest, RR range, is defined as 0.05 to 0.55 Hz (3 to 33

rpm). Respiratory estimates were evaluated by comparing the AE distributions using

non-parametric statistical tests.
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Figure 4.20: Summary of respiratory rate estimation from PPG and accelerometer/gyroscope
waveforms.
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4.5 Results

697 pairs of PPG and accelerometer/gyroscope recordings, from 152 women, were con-

sidered for RR analysis. 73 recordings were excluded because the RR calculated from

tablet taps (RRTaps) was not consistent to within 2 rpm of the midwife count and thus

the true RR could not be determined. A further 57 sets of recordings were eliminated due

to poor-quality of the PPG waveform. Respiratory estimates were therefore calculated

for 567/697 (81.4%) of available recordings.

Figure 4.21 shows the Absolute Error (AE) distributions of each method for the

twelve respiratory waveforms. The median, 25th centile, and 75th centile, are shown in

Table 4.1.

The grouped Kruskal-Wallis test showed a significant difference between the methods

(χ2 = 122.3, p < 0.001). The post-hoc multicomparison tests according to the Bonferroni

method revealed that the performance of FFT:max was significantly better than AR:spec

(p < 0.001), AR:poles (p < 0.001), and PK:mean (p = 0.012). No statistical significant

difference was observed between FFT:max and BestAR:spec (p = 1.000). BestAR:spec

also had a significantly lower median AE than AR:spec (p < 0.001), AR:poles (p <

0.001), and PK:mean (p = 0.001). However, although the median AE of both FFT:max

and BestAR:spec were low, the MAE was observed to be relatively large (often greater

than the 75th centile) which indicates a highly skewed distribution. We hypothesise

that many outliers in these distributions will be due to a poor-quality respiratory signal,

and that the MAE reduces by eliminating waveforms with a poor quality index. The

relationship between waveform quality and error will be examined in Section 4.5.1.

The best method for each waveform, chosen by the lowest median AE, is highlighted

in blue in Table 4.1. For the majority of waveforms (8/12), BestAR:spec was selected as

the best method. PK:mean was selected for 3/12 waveforms, and FFT:max selected for

1/12 waveforms. The AE distributions for the best method per waveform are shown in
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FFT:max AR:spec AR:poles BestAR:spec PK:mean p-value

Ax 0.68 (0.25, 1.79) 0.77 (0.33, 1.64) 0.76 (0.31, 1.59) 0.66 (0.24, 1.80) 0.71 (0.20, 2.00) 0.003

Ay 0.78 (0.30, 2.27) 0.89 (0.37, 2.14) 0.88 (0.36, 2.18) 0.78 (0.27, 2.12) 1.02 (0.29, 2.44) 0.010

Az 0.69 (0.25, 1.81) 0.82 (0.35, 1.65) 0.81 (0.32, 1.66) 0.69 (0.24, 2.07) 1.01 (0.34, 2.23) 0.011

Ap 0.63 (0.25, 1.48) 0.68 (0.28, 1.33) 0.66 (0.30, 1.35) 0.55 (0.23, 1.43) 0.50 (0.17, 1.34) 0.023

p-value <0.001 <0.001 <0.001 <0.001 <0.001

Gx 0.69 (0.27, 1.60) 0.71 (0.26, 1.77) 0.75 (0.28, 1.94) 0.65 (0.26, 1.56) 0.76 (0.22, 1.95) 0.013

Gy 0.53 (0.22, 1.31) 0.69 (0.27, 1.40) 0.74 (0.28, 1.66) 0.56 (0.20, 1.39) 0.53 (0.17, 1.63) 0.004

Gz 0.74 (0.26, 2.10) 0.92 (0.35, 2.15) 0.96 (0.34, 2.48) 0.74 (0.26, 2.18) 1.08 (0.29, 2.67) <0.001

Gp 0.57 (0.23, 1.27) 0.63 (0.24, 1.33) 0.65 (0.25, 1.54) 0.55 (0.21, 1.23) 0.41 (0.15, 1.29) 0.193

p-value 0.001 <0.001 <0.001 0.004 <0.001

FM 0.60 (0.22, 1.36) 0.86 (0.36, 1.86) 0.87 (0.36, 1.88) 0.58 (0.23, 1.32) 0.74 (0.23, 2.06) 0.026

BW 0.62 (0.28, 1.55) 1.00 (0.44, 2.13) 0.98 (0.45, 2.13) 0.59 (0.27, 1.49) 1.06 (0.29, 2.44) 0.002

AM 0.73 (0.28, 2.03) 1.15 (0.44, 2.47) 1.11 (0.44, 2.39) 0.74 (0.26, 2.05) 1.22 (0.40, 2.84) <0.001

PC 0.58 (0.22, 1.33) 0.82 (0.39, 1.55) 0.85 (0.37, 1.56) 0.57 (0.21, 1.35) 0.71 (0.24, 1.69) <0.001

p-value 0.020 0.001 <0.001 0.004 <0.001

Table 4.1: Median absolute error (25th centile, 75th centile). The p-values reported are the results of grouped Kruskal-Wallis statistical tests for
difference in the median of the AE distribution across methods (rows) and groups of waveforms (columns). The values in blue indicate the best
method chosen per waveform, based on the lowest median AE value.
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Figure 4.22. The grouped Kruskal-Wallis test showed a significant difference between the

median AEs of the best method per waveform (χ2 = 91.1, p < 0.001). Posthoc pairwise

tests revealed that the performance of the Ap waveform was significantly different from

the Ax (p = 0.011), Ay (p < 0.001), and Az (p = 0.003) waveforms. Similarly, median

AE from the Gp waveform was signficantly lower than median AE from Gx (p = 0.001)

and Gz (p < 0.001), although not significantly different from Gy (p = 1.000). No

significant difference was observed between the AE distributions of Ap, Gy, and Gp. For

PPG-derived waveforms, the only significant difference in distributions was between PC

and AM (p = 0.028), where PC had a lower median than AM.

Ax Ay Az Ap Gx Gy Gz Gp FM BW AM PC
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Figure 4.22: Comparison of the Absolute Error (AE) for the best respiratory method per
respiratory waveform. The AE distributions for all methods are shown in Figure 4.21. The
boxplot shows distributions of AEs, with lower quartile, median and upper quartile values dis-
played as left, middle and right vertical lines of the boxes. Whiskers are used to represent
the most extreme values within 1.5 times the interquartile range from the central box. Circles
represent the mean values.

The largest median AE from the smartphone-derived waveforms was 0.78 rpm from

Ay, followed by 0.74 rpm for the Gz waveform. As previously discussed, the smartphone

axes are not necessarily aligned with physical movement during respiration and the

smartphone orientation on the chest may be different between individuals due to bust

size or mechanisms used for breathing. It is therefore intuitive that some waveforms will

contain more respiratory information than others. The Ay and Gz signals are likely to

contain less respiratory information because of the orientation of the smartphone on the
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women’s chest, contributing to the poor quality of the waveform3. Figure 4.23 shows

the three gyroscope axes (x, y, and z) of an example recording, where the respiratory

signal is visible in the Gx and Gy waveforms, but not in Gz.
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Figure 4.23: Example of the difference in respiratory information between the three gyroscope
channels. A periodic respiratory signal is clearly visible from Gx (left column) and Gy (middle
column) and thus the respiratory methods converge to a common respiratory estimate. How-
ever, Gz (right column) contains more noise and the respiratory signal is less prominent. The
frequency spectrum for Gz shows no consensus on the true respiratory rate.

The largest median AE from the PPG-derived respiratory waveforms was 0.73 rpm

from AM, calculated from the amplitude-modulation of the PPG signal. This is likely to

be caused by attenuation of the amplitude modulation by the filters used in commercial

pulse oximeters, such as the Nonin device used in the 4P study.

The AE distributions examined so far have described the variance in RR estimates,

an indication of method precision. An ideal method will have both a high precision

and high accuracy. The mean (95%CI) bias for the best method for each waveform

3The orientation of the smartphone on the woman’s chest is shown in Figure 3.4 in Section 3.2.1.
The x- and y-axes are in the plane of the phone, and the z-axis is perpendicular, coming out from the
chest.
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Figure 4.24: Bland-Altman plot comparing the reference respiratory rate, RRTaps, with res-
piratory estimates from the PC waveform using the BestAR:spec method.

ranged from -0.96 (-1.12, -0.81) rpm to 0.48 (0.23, 0.73) rpm. The mean bias was not

significantly different from zero for 5/12 waveforms. Most distributions had a negative

mean bias (11/12), which indicates that on average the algorithms underestimate RR.

The relationship of error with RR can be examined using a Bland-Altman plot where

the mean RR estimate is plotted against the difference between the two estimates [132].

Figure 4.24 shows an example Bland-Altman plot for the PC waveform.

4.5.1 Respiratory quality

The autocorrelation quality index, RQI(acf), described in Section 4.4.3, can be used

to assess the quality of each respiratory waveform. Figure 4.25 shows the spread of

RQI(acf) for each waveform, where 1 is a perfect sinusoid and 0 indicates poor quality.

The highest RQI(acf) recorded was 0.92 for a Gy waveform, and the lowest value was

0.02 for a Az waveform.
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The RQI(acf) values of the principal component waveforms are, generally, higher

than the RQI(acf) values for the waveforms from which they were derived. Pair-wise

Mann-Whitney U tests showed that the median RQI(acf) of the Ap waveforms was

significantly higher than that of Ax (p = 0.015), Ay (p < 0.001), and Az (p < 0.001).

Similarly, the median RQI(acf) of the Gp waveforms was significantly higher than that of

Gx (p < 0.001), Gy (p = 0.031), and Gz (p < 0.001), and the PC median RQI(acf) was

significantly higher than that of FM (p = 0.005), BW (p < 0.001), and AM (p < 0.001).
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Figure 4.25: Distribution of respiratory quality index, RQI(acf), for the twelve respiratory
signals. The box plots indicate the median and interquartile range.

We previously hypothesised that respiratory estimates from poor-quality signals (in-

dicated by a low RQI(acf)) would be more likely to have a high error. Consider the

respiratory estimates from PC in Figure 4.26, where the colour indicates the value of

RQI(acf). Most estimates far from the reference RR are coloured red, which indicates

that the respiratory waveform is of poor-quality. When these poor-quality waveforms

are excluded, the MAE decreases, as shown in Figure 4.27. When all recordings with

RQI(acf) < 0.4 (n = 126, 22.2%) are excluded, the MAE for all methods decreases to

below 1 rpm.

Note also that the MAE of FFT:max and BestAR:spec methods decreases faster than

the MAE for the other methods until convergence occurs when only high-quality record-
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Figure 4.26: Respiratory rate estimates from the PC waveform (principal component of the
three PPG-derived waveforms: FM, BW, and AM), against the reference respiratory rate,
RRTaps. The colour indicates the quality of the PC waveform, RQI(acf), where red indicates
poor-quality waveforms and blue indicates good-quality waveforms.
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Figure 4.27: As low-quality recordings are excluded, MAE decreases.
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ings remain. The AE distributions for these methods are highly skewed (as previously

shown in Figure 4.21) due to outliers. The rapid decrease in MAE when poor-quality

waveforms are excluded suggests that outliers in the AE distribution are associated with

poor-quality waveforms. It therefore follows that FFT:max and BestAR:spec are more

robust than other methods at identifying the true RR for medium-quality recordings.

The robustness of BestAR:spec in comparison to the other two AR models, AR:spec

and AR:poles, for medium-quality recordings can be explained by the choice of model

order. The former method chose the model order based on the sinusoidal nature of the

resulting waveform, whereas the latter two methods had a fixed model order (M = 5).

The frequency spectra of medium-quality waveforms were often noisy, so the flexibility

of model order often allowed BestAR:spec to more appropriately describe the frequency

spectrum and therefore select the correct respiratory frequency. Consider the example

in Figure 4.28, in which the PC respiratory waveform has an RQI(acf) of 0.51. There

are two peaks in the frequency-spectrum, at 11 rpm and 21 rpm. AR model order 5 has

limited poles available, so fits to a single peak at 13.6 rpm. In contrast, BestAR:spec

selects model order 10, and correctly identifies the two spectral peaks (the fundamental

and second harmonic). This pattern is similar for other medium-quality recordings,

particularly when the true RR is low. High-order AR models can lead to “pole splitting”,

whereby the dominant spectral peak is split between more than one pole. Hence lower

order models are preferred, and are suitable for high-quality recordings. The recordings

where BestAR:spec selected a model order of 5 (the lowest option), were of significantly

higher quality than the recordings when higher model orders were selected (p < 0.001).

We set the RQI(acf) threshold at 0.4. Waveforms with an RQI(acf) above the thresh-

old were considered to be of good-quality, and those below or equal to the threshold were

classified to be poor-quality waveforms. Figure 4.29 shows the updated boxplots of the

AE distributions from respiratory rate estimates derived only from good-quality wave-
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Figure 4.28: Example of a medium-quality (RQI(acf) = 0.51) PC respiratory signal (derived
from the PPG) where only FFT:max and BestAR:spec identify the true respiratory rate.

forms.

The Kruskal-Wallis test again showed a significant difference between distributions

from each method (χ2 = 202.4, p < 0.001). The time-domain peak-detection algorithm,

PK:mean, performed particularly well on good quality signals and had the lowest me-

dian AE for 7/8 of the accelerometer and gyroscope waveforms. Pairwise tests across ac-

celerometer and gyroscope distributions only (PPG-derived waveforms excluded) showed

that the PK:mean distribution was significantly different from that for every other

method (p < 0.001). BestAR:spec gave the lowest median AE for the PPG-derived

waveforms.

The results of RQI(acf) regressed on RR and HR showed that generally the quality

of the gyroscope waveforms was positively correlated with the RR value, and that the

quality of the PPG-derived waveforms was negatively correlated with the HR value for

the recording. For every 10 rpm, RQI(acf) increased a mean (95% CI) of 0.10 (0.05,
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Figure 4.29: Comparison of the Absolute Error (AE) for all respiratory methods (colours) and good quality (RQI(acf) > 0.4) respiratory waveforms
(y-axis). Error is defined as the reference respiratory rate (from tablet taps) subtracted from the estimated respiratory rate. The boxplot shows
distributions of AEs, with lower quartile, median and upper quartile values displayed as left, middle and right vertical lines of the boxes. Whiskers
are used to represent the most extreme values within 1.5 times the interquartile range from the central box. Circles represent the mean values. The
mean values from all waveforms are shown in grey.
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0.14) units for Gx (p < 0.001), 0.10 (0.06, 0.16) for Gy (p < 0.001), and 0.12 (0.08,

0.17) for Gp (p < 0.001). There was no significant correlation between Gz and RQI

(p = 0.178). For every 10 bpm, RQI(acf) decreased a mean (95% CI) of 0.04 (0.03, 0.05)

units for FM (p < 0.001), 0.04 (0.02, 0.05) for AM (p < 0.001), and 0.02 (0.01, 0.04) for

PC (p < 0.001). The quality of the BW waveforms was not significantly correlated with

HR (p = 0.264); however it was positively correlated with RR (p = 0.013) with a mean

(95% CI) increase in RQI(acf) of 0.04 (0.01, 0.08) units for every 10 rpm. The quality

of the accelerometer waveforms was not correlated with RR or HR.

4.5.2 Comparison of devices

Although care was taken to ensure the accuracy of the reference RR, errors may still have

persisted. In this section we compare representative waveforms from the pulse oximeter

(PC) and smartphone accelerometer (Gp) to each other, rather than the reference RR. As

the pulse oximeter and smartphone measure respiration by different mechanisms (neu-

rological feedback and mechanical movement respectively), if the respiratory estimates

from these two devices agree, even if inconsistent with the reference RR, we hypothesise

that the mean estimate will be the true respiratory rate.

Figure 4.30 shows the absolute error distributions for PC and Gp for all waveforms

and for good-quality waveforms only. The pair of waveforms were only considered to be

of good quality when both the PC and Gp waveforms were good-quality (n = 356/567,

62.8%).

The Kruskal-Wallis test showed that there was a significant difference between the

difference distributions when all waveforms are considered (χ2 = 234.5, p < 0.001).

The median difference between PC and Gp for the FFT:max method is 0; that is for

more than 50% of the recordings the respiratory estimates from PC and Gp are the

same. This is more likely for the FFT than other methods as a results of the quantised

nature of the output from the Fourier Transform, where RR estimates are computed
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Figure 4.30: Distribution of the absolute difference between respiratory rate estimates from
PC (pulse oximeter) and Gp (smartphone accelerometer). The effect of excluding poor quality
signals (RQI(acf) < 0.4) on the error is shown in grey. The circle represents the MAE.

to the nearest 0.47 rpm4. The median AEs from other methods were all significantly

larger than FFT:max (p < 0.001). When only good-quality waveforms were considered,

there was still a significant difference between methods (χ2 = 334.9, p < 0.001). The

median AE decreased significantly for all methods (p < 0.001), with the largest median

decrease from 0.81 rpm to 0.47 rpm. The range of MAEs decreased from between

1.25 and 1.41 rpm to between 0.37 and 0.82 rpm. The MAE changes the most for

the FFT:max and BestAR:spec methods, as with the changes observed when estimates

were compared to the reference RR, again indicating that large disagreements between

respiratory estimates are due to the poor quality of the respiratory waveform.

4.6 Discussion

The methods described in this chapter have sought to explore the robustness of res-

piratory rate estimates from pulse oximeter and smartphone accelerometer waveforms

when monitoring pregnant women. The algorithms were applied to 697 pairs of PPG

and accelerometer/gyroscope recordings from 152 pregnant or recently pregnant women

during Phase 2 of the 4P study.

4A minimum of 512 frequency bins is used in the FFT. For a signal sampled at 4 Hz, each frequency
bin is 0.008 Hz or 0.47 rpm.
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Respiratory waveforms could be successfully extracted from both the pulse oxime-

ter and smartphone accelerometer. In particular, there were no problems extracting

respiration information from the pulse oximeter which relies on the respiratory-induced

modulations of blood volume and HR, even during the pregnant or recently pregnant

state of the women. Results were similar to those reported in the literature. The lowest

MAE from our dataset was 1.13 rpm from the Gp waveform. When poor-quality wave-

forms were excluded, MAE reduced further to a low of 0.61 rpm from the Ap waveform.

Previous studies focusing on respiratory rate extracted from the PPG waveform reported

MAEs of 2 rpm [133], 2.8 rpm [86] and 3.4 rpm [108], for example. Estrada et al. [101]

derived respiratory rate from an accelerometer with a MAE of just 0.5 rpm, although

their study only evaluated data from 5 participants. In most of these studies the ref-

erence RR was derived from a capnograph, a continuous measure of expired CO2, such

as in the publicly available Capnobase dataset5. Respiratory rate from capnography is

likely to be more reliable than the tapping method used in our dataset.

Our results showed that the gyroscope generally performed better than the accelerom-

eter. The lowest error from an individual signal was from the Gy waveform, significantly

lower than the error of any individual accelerometer waveform. Other studies have re-

ported similar findings [100]. Yoon et al. [134] found errors decreased when gyroscope

information was combined with accelerometer information, compared to the use of ac-

celerometer data alone. Initial work on the 4P system 0 data set showed the opposite,

whereby the respiratory signal was more prominent in accelerometer channels than in

the gyroscope data [124]. Yet this data set suffered from lack of detail about when the

midwife count started, and an inaccurate reference respiratory rate (15-second count).

While the respiratory rate estimates from the individual gyroscope channels had

lower errors than those obtained from the individual accelerometer channels, the esti-

5http://www.capnobase.org/
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mates derived for the principal components, Ap and Gp, had the lowest errors and there

was no significant difference between them. Furthermore, the quality of each princi-

pal component waveform was significantly higher than its individual components (i.e.

the values of RQI(acf) from the Ap waveform were higher than those for the Ax, Ay,

and Az waveforms). We recommend using the principal component for respiratory rate

estimation.

Of the five methods used to derive respiratory rate (the “respiratory methods” -

see the lowest set of boxes on Figure 4.20), FFT:max and BestAR:spec reported the

lowest errors. PK:mean, the only time-domain based method considered, performed

well only when poor-quality signals were excluded. These results contrast with those

from a recent review of all published methods for estimating respiratory rate from the

PPG and ECG evaluated on a public database of healthy participants [106]. They found

that time-domain methods (such as breath detection) performed better than frequency-

based methods (such as Fourier, autocorrelation, or the Welch periodogram). We found

that for medium-quality recordings the peaks of the time-domain signal were noisy and

thus sometimes false peaks were identified. Methods that relied on the frequency-domain

were more robust. The review [106] focused on the use of the ECG and PPG to derive

a respiratory signal, with analysis methods relying on induced changes in HR and blood

volume. These methods may not generalise well to the accelerometer and gyroscope

signals in our dataset which diretly measure chest movement during respiration.

Although our results showed significant differences in absolute error between wave-

forms and respiratory methods, these differences are small compared to the values of

expected respiratory rates. Furthermore, when poor-quality signals were removed, the

MAE for all types of waveform decreased to below 1 rpm and there were even smaller

differences between methods. Mean bias was also less than 1 rpm. However, we recog-

nise that a bias is easier to correct for than low precision, and thus bias should not be
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the focus when selecting a reliable method for extracting respiratory rate. The current

gold-standard method for respiratory rate measurement is manual observation of chest

wall movement for 60 seconds [89]. Usually reported to the nearest whole number of

breaths, this measurement already has a ±1 rpm error. Furthermore, in time-pressured

environments, clinicians usually only count chest wall movement for 15 seconds which

produces a respiratory estimate with a ±4 rpm margin of error [8]. We argue that a

reliable respiratory rate method should be of greater precision than the current manual

methods. If waveform quality can be taken into account at the time of measurement,

all methods and waveforms meet this requirement. We therefore suggest that a single

method should be chosen (such as BestAR:spec) and more pragmatic choices, such as

availability and cost, used to select the most appropriate recording device. Alternatively,

respiratory rate estimates from both types of devices and all methods investigated in

this thesis could be fused using the techniques reviewed in Section 4.2.3.

One limitation of the analysis presented in this chapter is the relatively “normal”

range of respiratory rates considered. The reference respiratory rate values ranged from

5.5 to 25.6 rpm. A robust respiratory rate algorithm should be reliable over the entire

range of respiratory rate values, particularly as clinical decisions are often made when

extreme physiology is exhibited. Within the range of data available, there was evidence

that respiratory rate affected the quality of gyroscope waveforms, but not accelerometer

or PPG-derived waveforms. A high quality respiratory waveform is the first step to

obtaining an accurate respiratory rate estimate. As respiratory rate increases it comes

closer to the HR. Low-pass filtering to exclude high-frequency signals such as HR risks

attenuating the respiratory rate signal. We anticipate that the quality of the respi-

ratory waveforms from the gyroscope will be compromised more than those from the

accelerometer when respiratory rates are high for a number of reasons. The gyroscope

measures rotation about an axis rather than displacement, and therefore motion due to
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respiration will be relatively low. This means the respiratory rate frequency is of similar

magnitude to the HR frequency and other high-frequency noise. Furthermore, when

breathing is rapid, it is often also shallow which will further reduce the magnitude of

the respiratory signal [135]. Filtering of the gyroscope signal, although successful for the

range of respiratory rates available in the 4P dataset, is likely to be more challenging

when respiratory rates are abnormally high. A two-step filtering algorithm, similar to

that used to re-filter PPG-derived waveforms for suspected low respiratory rates, may

be suitable. We do not expect low respiratory rates to affect the accuracy of estimation

from accelerometer and gyroscope signals.

PPG-derived respiratory waveforms rely on the detection of HR beats in order to

construct the respiratory waveform, and so are more affected by the HR frequency than

the respiratory frequency. Results from regressing HR with waveform quality showed

that as HR increased, the quality of the FM and AM PPG-derived waveforms decreased.

This change may be due to the quality of the PPG signal itself and the challenge of cor-

rectly identifying all the peaks. Further investigation would be needed to establish a

clear cause for the correlation. As the accelerometer, gyroscope, and PPG-derived wave-

forms appear to have different advantages over the range of respiratory rates, fusion of

the waveforms may be a way to increase precision, particularly at the physiological ex-

tremes. PCA has already been shown to increase waveform quality. Ultimately however,

further testing on a dataset with high respiratory rates would be necessary for the full

evaluation of the algorithms presented here.

We identified three main sources of error that could have contributed to poor res-

piratory rate estimation: an incorrect reference respiratory rate, external noise sources

outside our control, and noise introduced during pre-processing. Examples of each type

of error are shown in Figure 4.31. Firstly, despite careful checking of the midwife respi-

ratory count, there were occasions when it was apparent that the reference respiratory
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rate, RRTaps, was not correctly recorded. This is a limitation of the available dataset.

An example of an incorrect reference respiratory rate is shown in Figure 4.31a. The top

plot shows the original accelerometer signal, Ay, with the position of taps indicated by

vertical bars. The oscillations of respiration are clear in the accelerometer signal, sug-

gesting several missed taps (at approximately 9, 20, 29, 27, 49, and 57 seconds). Since

these missed beats are regular, the respiratory rate calculated from the taps, RRTaps =

8.2 rpm, was in close agreement with the midwife reported respiratory rate, RR60sec =

9 rpm. However, the filtered accelerometer signal in the middle plot reveals the true

position of breaths. Time-domain peak detection and the Fourier transform of the respi-

ratory waveform both indicate a dominant frequency of 16.5 rpm, well above the reported

respiratory rate of 9 rpm.

A second source of error is noise introduced by external sources, such as motion

artefacts and recalibration of the smartphone accelerometer. Motion artefacts introduce

high magnitude spikes into the time-series waveform of the PPG and accelerometer. Cor-

rupted segments of the PPG are removed using the SQI, and low-pass filtering attenuates

artefacts from the accelerometer and gyroscope waveforms, however some artefacts still

remain.

Recalibration of the smartphone accelerometer appears as a sudden baseline shift in

the accelerometer channels, and as a high magnitude artefact in the gyroscope chan-

nels. The accelerometer suffers more because low-frequency noise is introduced from the

baseline shift which overlaps with the respiratory frequency. As the baseline remains

steady in the gyroscope, the derivation of respiratory rate is not usually interrupted.

Consider the Ax trace in Figure 4.31b. Recalibration, as indicated by a vertical shift,

occurs at 4 and 22 seconds. The filtered accelerometer signal is noisy for the first 25

seconds, which causes a large low-frequency peak at 8 rpm in the frequency spectrum.

This dominates the peak associated with the true respiratory rate of 20 rpm, thus mak-
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(a) Incorrect RRTaps, despite cross-checking
with RR60sec.
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(b) True respiratory rate not identified due
to recalibration shifts in the Ax trace at 4 and
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(c) RQI(acf) suggests a poor quality signal
but all respiratory methods converge.

Figure 4.31: Examples of sources of error in respiratory estimation from the pulse oximeter and smartphone accelerometer.
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ing respiratory rate estimation erroneous. As far as we are aware, recalibration of the

smartphone accelerometer is not controllable, but can be limited by reducing sudden

motion.

Thirdly, noise can also be introduced during pre-processing. For the PPG, peak

detection is the most common place for errors to be introduced. As all PPG-derived

respiratory waveforms rely on peak detection, false identification of peaks or missed

peaks can introduce artefacts. For example, in the PPG trace shown in Figure 4.31c, an

extra peak has been identified at 52 seconds. Consequently, the FM respiratory signal

contains an artefact at 52 seconds. In this example, as only a single erroneous peak has

been introduced in the 60-second segment, the final respiratory estimate is not affected.

In summary, respiratory rate can be successfully estimated from a pulse oximeter and

smartphone accelerometer, with less than 1 rpm difference from the reference respiratory

rate derived from tablet taps when poor-quality waveforms are excluded. These elec-

tronic devices are low-cost and readily available, and would allow remote monitoring of

respiratory rate. Furthermore, analysis of the signals recorded with these devices leads

to estimates with similar errors, so more pragmatic factors should be used to choose

the most appropriate device. Measurement precision can be ensured by incorporating

information about respiratory signal quality. Further analysis is required to assess the

suitability of these algorithms for extreme respiratory rates. In this chapter we only

considered respiratory rate recordings of 60-seconds in duration. The same methods

could be applied to a 15-second count, which would likely provide a more accurate respi-

ratory rate estimate than a midwife count for the same duration. In the next chapter we

consider whether there are any changes in respiratory rate and other vital signs during

pregnancy and after delivery.



Chapter 5

Modelling vital sign trends

To be able to identify women who are unwell and at risk of developing complications

during pregnancy, we require knowledge about normal physiology in pregnancy. The

vital-sign data collected in the 4P study form an ideal dataset from which to understand

the expected vital-sign trajectories during pregnancy and in the two weeks after delivery.

In this chapter we build univariate models in order to develop reference ranges for each

vital sign that can be used in obstetric care.

5.1 Reference ranges in obstetric care

Reference ranges are often used in obstetrics, such as in standardised growth charts

that describe fetal and child growth [136], or normal changes of cervical length with

gestational age [137]. For maternal physiology, reference ranges for antepartum SBP

and DBP have previously been presented [72]. However, we have not been able to

identify previous attempts at constructing reference ranges for the other vital signs, or

for the immediate postpartum period.

Reference ranges differ from standard charts by their descriptive, rather than pre-

scriptive, approach. Reference ranges describe observed changes in an unselected pop-

ulation. On the other hand, standard charts describe expected physiological changes

under optimal conditions. The study population for these charts is therefore highly

selected with strict inclusion and exclusion criteria (such as age, BMI and medical his-

114
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4P cohort England 2015-2016 p-value

n = 620 n = 648,107

Maternal characteristics

Mean maternal age (years) 31.8 30.3

White ethnicity (4P phase 2 only) 76.4 % 71.2 % 0.167

Nulliparous 41.3 % 33.4 % <0.001

Complications developed

Gestational hypertension 5.3 % 2.5 % <0.001

Pre-eclampsia 1.8 % 2.1 % 0.348

Gestational diabetes 3.9 % 5.9 % 0.043

Delivery statistics

Pre-term delivery 7.6 % 8.4 % 0.308

Spontaneous vaginal delivery 62.7 % 59.4 % 0.099

Cesarean-section 17.9 % 15.2 % 0.069

Median length of hospital stay
after delivery (days)

1 1

Table 5.1: Comparison of healthy women in the 4P study with the national English maternal
population. The variables included in this table are those that were available from both datasets
in the same format. p-values are not displayed for maternal age and length of hospital stay as
the variance was not known for the national English population.

tory). The 4P study was designed with minimal exclusion criteria such that the 4P

population would be representative of the pregnant population of England. To check

this assumption, the two populations are compared in Table 5.1, using data from the

2015-2016 maternal births in England1. Furthermore, the distribution of maternal age

for the two populations is presented in Figure 5.1 in 5-year ranges. Both groups have

the largest proportion of women in the 30-34 year old range. The 4P cohort have a

narrower range of maternal ages, evident in the smaller proportion of women under 24

years old. This is likely due to the different socio-economic profile of Oxford compared

to the national population.

There is a significant difference in the proportion of nulliparous women (p<0.001);

41.3% of the 4P cohort are nulliparous compared to 33.4% in the national population.

1Data on hospital maternity activity for the period 1 April 2015 to 31 March 2016
is available from NHS England at: http://content.digital.nhs.uk/catalogue/PUB22384/

hosp-epis-stat-mat-tab-2015-16-tab.xls

http://content.digital.nhs.uk/catalogue/PUB22384/hosp-epis-stat-mat-tab-2015-16-tab.xls
http://content.digital.nhs.uk/catalogue/PUB22384/hosp-epis-stat-mat-tab-2015-16-tab.xls
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Figure 5.1: Distribution of maternal age in the 4P cohort compared with the English popula-
tion.

The effect of parity on vital signs will be discussed in Section 5.5.1 where it will be

shown that the differences in vital signs between nulliparous and multiparous women

are small compared to the changes in vital signs associated with pregnancy, and are

therefore unlikely to be clinically significant. The difference in proportion of women in

the 4P study who developed gestational diabetes was also statistically significant. There

is no evidence in the literature that we identified to state that gestational diabetes has a

direct effect on vital signs. However, gestational diabetes is correlated with a high BMI

[138]. We discuss the effect of BMI on vital signs in Section 5.5.2.

There is also a significant difference in the proportion of women reported to have

developed gestational hypertension. We note that the context in which NHS England

provide pregnancy-related complication information is that relevant to delivery. An-

other 1.2% of deliveries in the national data were recorded as “unspecified maternal

hypertension”. Furthermore, other studies have reported rates of gestational hyper-

tension between 5 and 10% [14, 31, 72, 32]. We conclude that the two populations

can be considered to be broadly similar, and thus anticipate that the centiles resulting

from analysis of the 4P data can be references ranges representative of the pregnant

population in England.
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There are a range of statistical methods available for constructing growth charts. A

key consideration when using longitudinal data is how the correlation of measurements

within a subject is handled. Many methods assume that data points are independently

and identically distributed (i.i.d), which is equivalent to treating the data as if it were

collected in a cross-sectional design, with equal correlation between all points. Longi-

tudinal data is not i.i.d, as multiple measurements within a subject are more related

to each other than to measurements from another subject. Other modelling approaches

build separate models for each subject and then join them together to form a popu-

lation model. The concern with these methods is that the variance of the parameters

associated with groups of only one or two measurements will be close to zero [139].

We identified multilevel models as the most common group of methods for construct-

ing growth charts. These models do not assume i.i.d data but instead use a number

of levels in a hierarhical structure to model the structure within a clustered or longi-

tudinally collected data set. Each level has a separate variance parameter such that

correlation within a subject is modelled in addition to correlation between subjects.

The multilevel model handles varying group sizes by weighting the group parameters

according to the number of measurements.

Other popular modelling techniques include Gaussian Processes [140], weighted ker-

nel regression [141], and the L-M-S (lambda-mu-sigma) method [142]. These methods all

assume i.i.d data. Another member of our research group compared these three meth-

ods and multilevel models for the development of antenatal vital-sign reference ranges

using a subset of the 4P dataset [124]. They found few differences between the outer

centiles of the resulting reference ranges. Wade and Kurmanavicius [143] also found few

differences between modelling methods when developing fetal growth centiles. However,

they concluded that incorporation of the correlation structure (as in multilevel models)

is preferable to transforming the data into cross-sectional data (as in models that as-
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sume i.i.d data), as this could severely affect the precision and accuracy of estimated

centiles. We therefore focus on multilevel models as the most popular method for centile

construction, and most appropriate for longitudinally collected data.

Within the multilevel structure, various functions can be chosen to model the re-

lationship between the dependent variable (e.g. SBP) and independent variable (e.g.

time). For example, the systematic review discussed in Section 2.3.2 identified six stud-

ies that used multilevel models to develop reference ranges for SBP and DBP during

pregnancy, presented in Table 5.2. These examples model time using fractional polyno-

mials [144], restricted cubic splines [72] and standard polynomials [69, 145].

In this chapter we develop multilevel models from the 4P data to construct vital-sign

reference ranges during pregnancy and for the immediate postpartum period.



Year Author Aim
Number
of women

Time
function

Software Covariates included

2010
Bakker et al. [144]
Generation R study
(Netherlands)

Investigate the effect of
smoking during pregnancy on
BP

7106
Fractional

polynomials
SAS

• Maternal age (cont.)
• Parity (cat.)
• Height (cont.)
• Weight (cont.)
• Education (cat.)
• Ethnicity (cat.)
• Folic acid supplementation use (cat.)
• Alcohol intake (cat.)
• Maternal distress (cont.)

2012
Grindheim et al. [61]
(Norway)

Describe longitudinal changes
in BP and HR during healthy
pregnancies

63 Not specified SPSS

• Parity (cat.)
• BMI (cat.)
• Weight change (cont.)

2013
Ishikuro et al. [71]
BOSHI study
(Japan)

Investigate whether home BP
and clinic BP measurements
are different for nulli- and
muilti-parous women

690 Not specified SAS

• Maternal age (cont.)
• Parity (cat.)
• BMI (cat.)
• Alcohol intake (cat.)
• Smoker (cat.)
• Minimum outside temperature (cont.)

2013
Magriples et al. [69]
(Connecticut, U.S.)

Investigate the effect of race,
BMI and weight gain on BP
in pregnancy

244
Quadratic
polynomial

Not specified

• BMI (cat.)
• Weight change (cont.)
• Prenatal distress (cat.)
• Race (cat.)

2015
Macdonald-Wallis et al. [72]
AVON study
(England)

Develop reference ranges for
SBP and DBP during
pregnancy

7504
Restricted

cubic splines
STATA

• Parity (cat.)
• BMI (cat.)
• Smoker (cat.)

2015
Kac et al. [145]
(Brazil)

Investigate influence of
inflammatory biomarkers on
SBP and DBP during
pregnancy

255
Quadratic
polynomial

STATA

• Maternal age (cont.)
• Parity (cat.)
• BMI (cat.)
• Education (cat.)
• Self-reported skin colour (cat.)
• Smoker (cat.)
• Leisure-time physical activity (cat.)
• Biomarkers (cat.)

Cat.: categorical/discrete variable; Cont.: continuous variable.

Table 5.2: Multilevel models for BP during pregnancy identified during the systematic review described in Section 2.3.2.
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5.2 Univariate model building

5.2.1 Dataset

We use antenatal and postnatal vital-sign data collected from the 620 healthy women

in the 4P study2. All women were included even if they only contributed one set of

vital sign measurements. For postnatal models, only data collected between days 0 and

15 (inclusive) after delivery are used to develop the model, since relatively few data

are available from 16 days after delivery3. The number of measurements for each vital

sign used to construct vital sign reference ranges are presented in Table 5.3. We do not

distinguish between measurements performed by the midwife and by the woman.

Antenatal (n) Postnatal (n)

SBP & DBP 3653 5974

HR 3451 5646

Temp 3159 5836

SpO2 3451 5666

RR 3503 901

Table 5.3: Number of measurements for each vital sign used to construct univariate antenatal
and postnatal reference ranges. Data was collected in the 4P study (Section 3.3.3). Postnatal
trends are only informed by data collected between day 0 and day 15 after delivery, inclusive.

5.2.2 Description of multilevel models

Multilevel models are also called hierarchical models because they model hierarchical

structures in a dataset using a series of levels. For longitudinal data, such as that col-

lected in the 4P study, the hierarchical structure is in the form of repeated measurement

occasions (level 1, subscript j), on a single subject (level 2, subscript i). The model is

2The characteristics of these women are described in Section 3.3. Only 523 women contributed
postnatal vital-sign measurements due to women not continuing with the study.

3Less than 200 measurement sets are available from 16 days after delivery compared to around 400
measurements for days 1 to 14. See Figure 3.12 in Section 3.3.3.
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defined by population parameters, β, which describe the shape of the underlying popula-

tion mean, and subject-specific parameters, bi, which capture variation in the individual

subjects that is not explained by the population model. The multilevel model thus de-

scribes observation yij, the jth observation for the ith subject, by Equation 5.14. For

the 4P data, the response variable yij is a a physiological variable (e.g. blood pressure).

The number of total measurements j = 1, ..., ni may vary between the subjects.

yij = Xijβ + Zijbi + εij (5.1)

The shape of the response curve is typically defined as a function of time, xij, such as

a polynomial. Additional covariates may be added at the subject level to explain some

of the variation between individuals. The most common covariates included in previous

antepartum blood pressure models are BMI, maternal age, parity, and smoking status

(Table 5.2). The X and Z matrices contain the population (level 2) and subject-specific

(level 1) covariates, respectively.

At level 1 of the model, the data points within a subject, yi, are assumed to be

normally distributed about a mean within-subject trajectory, with variance specified by

the within-subject (level 1) covariance matrix R. The distribution of data points within

subject i is therefore described by:

yi ∼ N (Xiβ + Zibi,R) (5.2)

Subject-specific parameters, bi, are defined as the distance from the population pa-

rameter, β. We assume the subject-specific parameters are normally distributed about

4We use the notation commonly adopted in the multilevel literature. Subscript i references all
measurements for subject i, which thus selects ni rows of a matrix or vector. For example, yi is a
vector of length ni, a subset of the vector y which contains all measurements on all subjects (length∑N

i=1 ni). Xij is a row vector, the jth row of the matrix Xi, which is ni rows subsetted from the matrix
X.
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a mean of zero, with correlations specified by the between-subject (level 2) covariance

matrix, D:

b ∼ N (0,D) (5.3)

At level 2, the distribution of all data points is therefore described by Equation 5.4.

Here the variance is made up of two parts, ZDZT and R, which correspond to the

between-subject variation and within-subject variation respectively. As the subject-

specific covariate matrix, Z, is usually a function of the independent variable (e.g. time),

the variance can vary with time.

y ∼ N (Xβ,ZDZT + R) (5.4)

The diagram in Figure 5.2 summarises this discussion of multilevel models. Firstly,

multilevel models are suitable for hierarchical data where observations are clustered,

such as multiple measurements from a single subject in a longitudinal study (panel

(a)). Observations can be collected at any time point since a multilevel model allows

for a continuous representation of time. Missing data are implicitly imputed under the

missing at random assumption. Secondly, panel (b) illustrates the Gaussian distribu-

tion assumptions of the linear multilevel model, and further emphasises the hierarchical

structure. The variation of observations within a group is assumed to be Gaussian. The

group means (level 1) are described by the subject-specific parameters, bi. These are de-

fined as the variation from the population mean, β (level 2). The Gaussian distribution

assumptions mean that the final population and subject-specific trajectories can be de-

scribed by equations (mean of the distributions in Equations 5.4 and 5.2, respectively),

and centiles can be calculated using direct formulae (mean trajectory plus a proportion

of the variance). Exact calculation of centiles was considered a key criterion for choosing

a statistical model for the recent WHO child growth curve project [146].
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Figure 5.2: Illustration of how the multilevel model represents the hierarchical structure in
a dataset. The top panel show example raw data points from two subjects. The spread of
each subject’s measurements is modelled as a Gaussian distribution where the mean is some
deviation bi from the population mean (bottom panel).

5.2.3 Functional forms of time considered

We considered three functional forms of time: (a) standard polynomials, (b) fractional

polynomials, and (c) restricted cubic splines (as implemented by Macdonald-Wallis et

al. [72]). Model (c) was only considered for antenatal trends. All of these forms are

linear with respect to the parameters.

Model (a) Standard polynomials: Standard polynomials of increasing order are the

most straightforward way to build complexity when modelling the relationship between

two variables. We considered polynomials of order 0 to 4 to represent vital-sign trajec-
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tories over time. Models were built using a bottom-up approach, first adding population

parameters (polynomial order P ) and then subject-specific parameters (polynomial of

order Q). We required the polynomial order of the population model to be greater than

or equal to the subject-specific polynomial to reduce overfitting (i.e. P ≥ Q). An ex-

ample of the model building process for the standard polynomial model (a) is presented

in Appendix C.7.1. The model is described by:

yij =
P∑
p=0

βpx
p
ij +

Q∑
q=0

biqx
q
ij (5.5)

Model (b) Fractional polynomials: Fractional polynomials extend the polynomial fam-

ily of curves by allowing non-integer powers and repetition of powers, to better represent

the curved relationship between a response variable and continuous covariates. A formal

method for implementing fractional polynomials was first set out by Royston et al. in

1994 [147]. The polynomial powers are chosen from a restricted set of eight powers,

(−2,−1,−0.5, 0, 0.5, 1, 2, 3), where a power of zero is the natural logarithm function

ln(xij). Typically, a single power (p1) or a pair of powers (p1, p2) is chosen to represent

the curve. Where repeated powers are chosen (p1 = p2), the second is multiplied by

ln(xij).

We implement fractional polynomials at both the population and subject-specific

levels. The fractional polynomial model is described by:

yij = β0 + β1x
(p1)
ij + β2x

(p2)
ij + bi0 + bi1x

(p1)
ij + bi2x

(p2)
ij (5.6)

The most appropriate powers were determined using the R package {mfp} which uses

backwards elimination. All possible fractional polynomial powers are initially included

in the model. The significant of each power is evaluated in turn by comparison of the

full model with a fractional polynomial model excluding the power being evaluated. If
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the difference is not significant (p ≥ 0.05) the power is excluded. Once two powers

remain, the fractional polynomial model is compared with a straight line, and then with

a fractional polynomial model with only one power. The best model is selected.

Model (c) Restricted cubic splines: Restricted cubic splines are another method for

modelling a curved relationship between a response variable and continuous covariate.

A cubic spline defines cubic functions between a set of fixed knots. The slope and second

derivatives at the knot points are set to match between cubic splines. Restricted cubic

splines additionally require that the outside segments are linear to stabilise either end

of the fit. Macdonald-Wallis et al. [72] proposed cubic splines to describe the changes

in SBP and DBP during pregnancy. We implement their restricted cubic spline model

for all antenatal vital signs. The restricted cubic splines are implemented at both the

population and subject-specific levels. Knots are set at 11, 18, 30, 36 and 40 weeks

of gestation, which yields four equations. Let sp1, sp2, sp3 and sp4 describe the four

splines. The final restricted cubic spline curve is therefore described by:

yij = β0+β1sp1ij + β2sp2ij + β3sp3ij + β4sp4ij+

bi0 + bi1sp1ij + bi2sp2ij + bi3sp3ij + bi4sp4ij (5.7)

We use these cubic spline models to investigate differences in parity, discussed in Section

5.5.1.

For models (a) to (c), we assume the residuals are uncorrelated and normally dis-

tributed with a constant within-subject variance σ2. Therefore the within-subject matrix

R = σ2I for all subjects. The between-subject covariance matrix, D, was assigned an

unstructured matrix (i.e. without any constraints apart from symmetry and positive

definiteness).
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5.2.4 Methods for prediction

The models were formulated using a Bayesian approach with priors defined in Appendix

C.1. Model parameters were estimated using sampling methods, described in Appendix

C.2. Specifically, sampling for all parameters was performed using Stan software (Ap-

pendix C.3), with four Markov chains of 2000 samples each, where the first 500 samples

were discarded as warm-up iterations. Prediction was performed from 10 to 40 weeks

of gestation for antenatal models, and from 0 to 15 days after delivery for postnatal

models.

5.2.5 Assessing model fit

For each model, we required that the model parameters had converged, to indicate the

model was appropriate for the data. Convergence was assessed by checking that the

Markov chains were drawing from the same distribution, and that there were enough

independent samples. The specific measures calculated are described in Appendix C.4.

Model fit was assessed by visual inspection of the mean trajectory to the raw data

and empirical centiles. Empirical centiles are calculated from the raw data each week

of gestation, and each half day after delivery. Subject-specific trajectories were also

examined to check the appropriate subject-specific polynomial order had been chosen

for model (a). To assess fit at the outer centiles, the 3rd and 97th centiles were com-

pared which represents 95% of the population. Formally, model fit was calculated using

the Watanabe-Akaike Information Criterion (WAIC) which provides a quantitative mea-

sure with which to compare models of different complexity [148]. WAIC is defined in

Appendix C.5.

An example of the model fit process using antenatal and postnatal SBP is described

in Appendix C.7.2. The WAIC values for the final orders of model (a), (b) and (c) for

each vital sign are presented and discussed in Appendix C.7.3.
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5.3 Population trends

The standard polynomial multilevel model (a) was chosen as the most appropriate model

to describe vital sign changes in the antenatal and postnatal periods of pregnancy (see

Equation 5.5). The orders selected for the population polynomial (P ) and subject-

specific polynomial (Q) are shown in Table 5.4.

Antenatal orders Postnatal orders

P Q P Q

SBP 2 1 3 2

DBP 2 1 3 2

HR 2 2 3 2

Temp 1 1 1 1

SpO2 1 1 1 1

RR 1 1 1 1

Table 5.4: Selected polynomial model orders for the population level (P ) and subject-specific
level (Q) for the standard polynomial multilevel (model (a)) fitted to the 4P antenatal and
postnatal data. Comparison of fit with the fractional polynomial model (b) and restricted cubic
spline model (c) is presented in Appendix C.7.3.

Population trends for each vital sign were derived by performing inference at the

population level (level 2) of the multilevel model (Equation 5.4). We present the 50th

centile (mean trajectory) and outer 3rd and 97th centiles in Figure 5.3 (SBP, DBP

and HR) and Figure 5.4 (Temp, SpO2 and RR). The 3rd and 97th outer centiles are

commonly used to assess heteroscedascity in statistical models [74, 124]. The equations

for each vital-sign trajectory are presented in Appendix C.8.

SBP and DBP changed significantly during pregnancy. Mean (95% CI) SBP was

116.2 (115.1, 117.3) mmHg at 10 weeks gestation, decreasing to a minimum of 113.7

(113.0, 114.4) mmHg at 21 weeks gestation; a mean change of 2.4 (1.6, 3.3) mmHg

(p<0.001). Mean (95% CI) SBP at 40 weeks gestation was 121.0 (119.9, 122.0) mmHg;

a mean change of 7.2 (6.2, 8.2) mmHg from 21 to 40 weeks (p<0.001). Mean (95% CI)

DBP was 71.8 (71.0, 72.5) mmHg at 10 weeks gestation, decreasing to its lowest value
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Figure 5.3: Multilevel model, with a polynomial time function, fitted to SBP (top), DBP
(middle) and HR (bottom) data from the 4P study in the antenatal (left column) and postnatal
(right column) periods. The 3rd, 50th and 97th centiles are shown on top of the raw data.
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Figure 5.4: Multilevel model, with a polynomial time function, fitted to Temp (top), SpO2

(middle) and RR (bottom) data from the 4P study in the antenatal (left column) and postnatal
(right column) periods. The 3rd, 50th and 97th centiles are shown on top of the raw data.
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of 69.6 (69.0, 70.1) mmHg at 20 weeks gestation; a mean change of 2.2 (1.6, 2.7) mmHg

(p<0.001). At 40 weeks gestation, mean (95% CI) DBP was 79.3 (78.5, 80.0) mmHg,

a mean change of 9.7 (9.0, 10.4) mmHg (p<0.001) from 20 to 40 weeks gestation. For

both SBP and DBP the inclusion of a quadratic term to describe a curved, rather than

straight, trajectory was statistically significant (p<0.001). The variation in BP values

was greater for SBP than for DBP. The mean (95% CI) difference between the 3rd and

97th centiles at 10 weeks gestation was 44.2 (41.9, 46.5) mmHg for SBP and 32.0 (30.3,

33.7) for DBP. The differences did not change significantly during pregnancy (p=0.232

for SBP; p=0.364 for DBP).

SBP and DBP changes in the immediate postpartum period were also statistically

significant. Mean (95% CI) SBP immediately after delivery (day 0) was 112.0 (110.2,

113.7) mmHg, rising to a maximum of 121.1 (120.3, 121.9) mmHg 5.5 days after delivery;

a mean change of 9.1 (7.4, 10.9) mmHg (p<0.001). 16 days after delivery, mean (95%

CI) SBP was 116.7 (115.6, 117.9) mmHg. Mean (95% CI) DBP was 71.1 (69.8, 72.3)

mmHg after delivery (day 0), rising to a maximum of 78.7 (78.1, 79.2) mmHg at 5.5 days

after delivery; a mean change of 7.6 (6.3, 8.9) mmHg (p<0.001). 16 days after delivery,

mean (95% CI) DBP was 75.5 (74.7, 76.4) mmHg.

HR increased significantly during pregnancy from a mean (95% CI) of 82.2 (81.2,

83.2) bpm at 10 weeks gestation to 92.2 (91.1, 93.4) bpm at 40 weeks gestation; a mean

(95% CI) change of 10.1 (9.0, 11.1) bpm (p<0.001). After delivery, mean (95% CI) HR

was 87.9 (85.9, 89.9) bpm and had decreased to 76.8 (75.9, 77.6) bpm by 7 days after

delivery; a mean (95% CI) change of 11.2 (9.1, 13.3) bpm (p<0.001). The difference

between the HR outer 3rd and 97th centiles increased significantly during pregnancy,

from a mean (95% CI) of 40.6 (38.0, 43.2) bpm at 10 weeks gestation to 48.9 (45.5, 52.2)

bpm at 40 weeks gestation; a mean (95% CI) increase of 8.3 (4.6, 12.0) bpm from 10 to

40 weeks gestation (p<0.001).
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Temperature decreased during pregnancy from a mean (95% CI) of 36.63 (36.59,

36.67) oC at 10 weeks gestation to 36.37 (36.33, 36.42) oC at 40 weeks gestation; a

mean (95% CI) change of 0.25 (0.20, 0.31) oC (p<0.001). Immediately after delivery,

mean (95% CI) temperature was 36.69 (36.65, 36.73) oC. Temperature did not change

significantly in the two weeks after delivery. The distance between the outer 3rd and

97th temperature centiles was a mean (95% CI) of 1.93 (1.83, 2.03) oC in the antenatal

period, and 2.09 (2.02, 2.16) oC in the postnatal period; a mean (95% CI) change of 0.16

(0.04, 0.28) oC (p=0.006). The larger variation in the postnatal period may be caused by

the readings taken by the women at home (non-expert users). Tympanic thermometers

can be sensitive to positioning.

SpO2 also decreased during pregnancy from a mean (95% CI) of 97.6 (97.5, 97.7) %

at 10 weeks gestation to 96.4 (96.3, 96.5) % at 40 weeks gestation; a mean (95% CI)

change of 1.2 (1.1, 1.4) % (p<0.001). Immediately after delivery, mean (95% CI) SpO2

was 96.2 (96.1, 96.3) % and did not change significantly in the two weeks after delivery.

RR did not change significantly during pregnancy or in the two weeks after delivery.

At 10 weeks gestation the mean (95% CI) RR was 15.6 (15.3, 16.0) rpm with a mean

change of 0.1 (-0.3, 0.5) rpm from 10 to 40 weeks gestation (p=0.387). Immediately after

delivery, RR was a mean (95% CI) of 16.5 (16.0, 16.9) rpm; a mean (95% CI) change of

0.8 (0.2, 1.3) rpm (p=0.002) from the end of the antenatal period.

5.3.1 Significance of results

The vital sign trends revealed by the multilevel model show statistically significant

changes for SBP, DBP, HR, Temp, and SpO2 during pregnancy, and SBP, DBP, and HR

in the two weeks after delivery.

A mid-pregnancy dip in SBP and DBP has been reported by other studies [61, 71,

72, 69, 58], as has the increase in HR during pregnancy [149, 62]. These changes were

summarised and data synthesised in the systematic review presented in Section 2.3.2.
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Figure 5.5 compares the BP and HR trends determined from the 4P data with the

modelling performed in the systematic review. Both datasets show the same trajectory

shape; SBP and DBP rise in the second half of pregnancy, and HR increases gradually

throughout pregnancy. The mean vital sign values of the 4P data model are significantly

higher than the systematic review data model. The mean (95% CI) difference is 3.8 (2.1,

5.4) mmHg (p<0.001) between the SBP models, 6.9 (5.4, 8.3) mmHg (p<0.001) between

the DBP models, and 5.8 (2.2, 9.4) bpm between the HR models. The mid-pregnancy

dip occurs later in the 4P data models (21 weeks for SBP; 20 weeks for DBP) compared

to the systematic review data models (15 weeks for SBP; 19 weeks for DBP). The studies

pooled in the systematic review often had small sample sizes or were performed 20 to

30 years ago, contributing to large heterogeneity in the data. Changes in measurement
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Figure 5.5: Comparison of BP and HR trends derived from the 4P data (model (a), purple)
and systematic review data (green), see Section 2.3.2.
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technique, changes in population demographics, and the availability of individual patient

data, most likely account for the differences observed when compared to the 4P dataset

[5].

The difference in ∆97−3, where ∆97−3 is the difference between the 97th and 3rd

centiles, between antenatal SBP, [∆97−3]SBP, and antenatal DBP, [∆97−3]DBP, has been

previously noted by Macdonald-Wallis et al. [72] with analysis of data collected during

the AVON study. The AVON study collected data from around 10,000 women during

1991 and 1992, and is currently the biggest published study of maternal BP in the UK.

The postnatal SBP and DBP trajectories from the 4P data both show a transient

rise in the 3 to 6 days after delivery, to values similar to those at 40 weeks gestation.

This change has previously not been quantified, as no conclusive studies of SBP and

DBP during this time period have been reported.

The trends of temperature and SpO2 contribute a new understanding of maternal

physiology. Few studies have reported temperature changes during pregnancy [63], and

changes in SpO2 have not previously been reported. Similarly, postnatal vital sign

changes are not widely known [65].

Although these models indicate statistically significant vital sign changes during

pregnancy at a population level, this does not necessarily translate into clinical signif-

icance. Measurement accuracy and daily or seasonal vital sign variation places small,

yet statistically significant, vital sign changes into perspective. For example, automatic

BP devices are validated to within 5 mmHg [76, 150], and BP naturally varies by 10 to

20 mmHg in a 24-hour period [59]. The 2.4 mmHg change in mean SBP between 10 and

21 weeks of gestation therefore may not affect clinical practice.

Yet other changes are clinically significant. Obstetric EWS systems are used to

monitor vital signs of a pregnant or recently pregnant woman that has been admitted

to hospital, and indicates when one or more abnormal vital sign values are recorded. In
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current obstetric EWS systems, changes of 10 mmHg for BP and 10 bpm for HR cause

a change in the score assigned to that vital sign [36, 151, 152]. In the second half of

pregnancy and in the immediate postpartum period, normal changes in SBP and DBP

account for over half of these ranges. HR alone changes by more than 10 bpm during

pregnancy. Thus it seems likely that taking account of expected values for that gestation

would prompt changes in clinical care. The translation of population vital sign changes

into a clinical tool will be discussed in Chapter 6.

5.4 Subject-specific trends

Inference in the multilevel model can also be performed at the subject-specific level

(level 1; Equation 5.2). The subject-specific parameters, bi, describe the trajectory

for subject i. As previously described, these parameters are assumed to be normally

distributed with mean 0 and variance described by the within-subject covariance matrix,

D (Equation 5.3). We can therefore assign a likelihood to each bi which indicates how

close the parameter lies to the mean 0, and therefore how similar the ith subject’s

trajectory is to the population mean trajectory (see Appendix C.2). A high likelihood

indicates the subject-specific parameter lies near the mean and therefore the trajectory

will closely follow the population mean. A low likelihood indicates that the subject-

specific parameter lies far from the mean and therefore the trajectory will be different

from the population mean.

Figure 5.6 presents the distribution of antenatal SBP subject-specific parameters

and the underlying probability density distribution (with variance D). The highlighted

points are examples of parameters with high likelihood that lie close to the mean (blue),

and low likelihood that are far from the mean (red). The examples with low likelihood all

have high blood pressure, but are not consistent in how they differ from the population

mean. One subject (bi = {10.0, 0.48}) starts close to the population mean but rises
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Figure 5.6: Distribution of the subject-specific parameters, b, for antenatal SBP (left) which
describe the trajectory over weeks of gestation (right). Antenatal SBP has two subject-specific
parameters (intercept, b0, and slope, b1) and therefore b is a 2-D distribution. The highlighted
points show examples of subject-specific parameters with high likelihood which lie near the pop-
ulation mean (blue) and subject-specific parameters with low likelihood which are far from the
population mean (red).

quickly; while another subject (bi = {33.50,−0.49}) starts far from the population

mean but has a negative slope, so becomes closer to the population mean with time.

Four of the five women highlighted with low likelihood were diagnosed with gestational

hypertension or pre-eclampsia during their pregnancy.

5.4.1 Subgroup investigation

Subject-specific trends inferred from the multilevel model can enable insight into sub-

groups of women. We illustrate this with two groups of women: those that developed a

hypertensive disorder of pregnancy (antenatal trends); and those that delivered preterm

(postnatal trends). These are exploratory analyses as the number of women in the af-

fected groups are small. Information available prospectively can be incorporated into

a multilevel model and allows comparison between groups, as will be investigated for

parity and BMI in Section 5.5.
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Hypertension in pregnancy

Women who develop gestational hypertension, pre-eclampsia or severe pre-eclampsia

are described as developing a hypertensive disorder of pregnancy (HDP)5 [31]. 46/620

(7.4%) of the women in the 4P study developed HDP. The antenatal SBP and DBP

trajectories for these women are shown in Figure 5.7. Predictably, the blood pressure

trajectories for both SBP and DBP were higher for women with HDP than for those

who did not develop hypertension. The middle panel shows the marginal distribution

over the two dimensions of the subject-specific parameter, b. The marginal distribution

of the intercept parameter, p(bi0), shows a right shift for women with HDP. That is,

by 10 weeks of gestation, the women who develop hypertension already have higher BP

than pregnant women who do not go on to develop HDP.

The BP shift for HDP women is even more prominent when the interaction between

the intercept and slope parameters is observed, for example along the dominant axis of

the conditional distribution p(bi|D) (in the top panel of Figure 5.7 the dominant axis

is in the diagonal direction, not explicitly shown). For instance, SBP subject-specific

parameters for women with HDP either have a high intercept and low slope (SBP starts

high and remains high), or have an intercept below the mean and high slope parameter

(SBP starts low and rises quickly during pregnancy).

Preterm deliveries

Women who deliver before 37+0 weeks of gestation are considered to have delivered

preterm. Preterm birth is the single biggest cause of neonatal mortality and morbidity

in the UK, affecting around 7% of live births [153]. Preterm delivery may be elected

due to maternal or fetal risk (25% of cases), or outside the control of women or health

professionals [154]. Multiple gestations and a maternal age greater than 35 years are

risk factors for preterm birth.

5Hypertension as a pregnancy-related complication was introduced in Section 2.1.2.
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Figure 5.7: Antenatal SBP (left) and DBP (right) information for those women who developed
gestational hypertension, pre-eclampsia, or severe pre-eclampsia during pregnancy. The top
and middle panels show the distribution of subject-specific parameters, and the bottom graphs
display the corresponding trajectories over weeks of gestation.
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Figure 5.8: Postnatal SBP (left) and DBP (right) information for those women who delivered
pre-term (before 37 weeks of gestation). The top and middle panels show the distribution of
subject-specific parameters, and the bottom graphs display the corresponding trajectories over
the days after delivery.
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In the 4P study, 45/538 (7.6%) women delivered preterm. The postnatal SBP and

DBP trajectories for these women are shown in Figure 5.8. Note that although postna-

tal SBP and DBP have three subject-specific terms (standard polynomial order Q = 3),

only the first two terms (bi0 intercept, and bi1 slope) are displayed. There is a negative

correlation between the intercept and slope parameters for both SBP and DBP. This

means that women who have a high BP immediately after delivery are likely to experi-

ence a greater decrease in BP over time than those who have a relatively low BP. The

subject-specific parameters of the women who delivered preterm are dispersed evenly

among the parameters of those who delivered at term. The marginalised distribution

and trajectories over time for the two groups are therefore similar.

5.5 Inclusion of additional covariates

Statistical models can incorporate information thought to influence the outcome vari-

able. Previous models of BP during pregnancy adjusted for maternal age, parity, BMI,

smoking habit, and exercise habits, among others (see Table 5.2). It is thought that

these factors may influence vital-sign readings and so need to be accounted for when

combining information from many women. The inclusion of such information may also

allow reference ranges to be more descriptive of a particular group of women, or al-

low an early warning score tool to better identify women with abnormal values. The

development of an obstetric early warning score will be discussed in Chapter 6.

In this section we investigate the difference between subgroups in the data and discuss

whether this information should be included as a covariate in vital-sign models. We

approach this in two ways: by fitting separate models to data for different categories;

and by including the categories as a covariate in the model. The first approach will be

illustrated using parity, and the second approach illustrated using BMI as a continuous

variable.
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5.5.1 Parity

Women in the 4P study ranged from a parity of 0 (256/620, 41.3%) to a parity of 5

(3/620, 0.5%). Maternal age increased with parity from 30.7 years (parity 0), to 33.6

years (parity 5). Statistical models reported in the literature usually treat parity as

a dichotomous variable, such that nulliparous women (parity = 0) are separated from

multiparous women (parity ≥ 1). This is because women in their first pregnancy have

been shown to have different labours and higher rates of maternal complication than

those women with parity 1 to 3 [155]. After parity 4 the risks of obstetric complication

and other adverse outcomes again increase, although the number of women with a parity

≥ 4 is usually small (9 women in the 4P cohort, 3% of the multiparous group). It is

therefore not appropriate to treat parity as a discrete counting variable. Of the six

papers presented in Table 5.2 that modelled BP in the antenatal period, three included

parity as a covariate [144, 61, 145], and two separated women by parity [71, 72]. All five

of these studies considered parity to have two categories, separating nulliparous from

multiparous women.

We fitted separate standard polynomial multilevel models to each vital sign for nul-

liparous and multiparous women, using the polynomial orders determined in Appendix

C.7.3 (see Table C.1, model (a)). Figure 5.9 shows the 3rd, 50th, and 97th centile

trajectories for antenatal and postnatal SBP, DBP, and HR.

Vital sign differences between nulliparous and multiparous women were greatest in

SBP, DBP, and HR; although few differences were statistically significant. For SBP

and DBP, the mean difference between nulliparous and multiparous women at 10 weeks

gestation was not significant (p=0.060 and p=0.224 for SBP and DBP respectively). At

40 weeks gestation, the mean (95% CI) difference between nulliparous and multiparous

women for SBP was 3.0 (0.9, 5.1) mmHg (p=0.002), and for DBP was 3.1 (1.6, 4.6)

mmHg (p<0.001). The change in DBP from the nadir to its value at 40 weeks gestation
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Figure 5.9: Standard polynomial multilevel models fitted separately to vital sign data from
nulliparous (solid line) and multiparous (dashed line) women. The 3rd, 50th and 97th centiles
are shown for antenatal (left column) and postnatal (right column) vital sign trends of SBP
(top), DBP (middle) and HR (bottom).
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was significantly greater for nulliparous women than for multiparous women, a mean

(95% CI) difference of 1.8 (0.4, 3.2) mmHg (p=0.007). The shape of the postnatal SBP

and DBP trajectories is different between nulliparous and multiparous women. The mean

(95% CI) difference of the slope parameter, β1, between the nulliparous and multiparous

women is 1.5 (-0.1, 3.1) mmHg (p=0.033) for SBP and 1.0 (-0.1, 2.1) mmHg (p=0.038)

for DBP, where nulliparous women had a greater BP increase than multiparous women.

Some of the difference in shape could be attributed to difference in the number of data

points (n = 1, 532 and n = 2, 121 for nulliparous and multiparous women respectively).

For HR, the mean (95% CI) difference between nulliparous and multiparous women

was 2.1 (0, 4.1) bpm (p=0.023) at 10 weeks gestation, and 1.9 (0.5, 4.2) bpm (p=0.063)

at 40 weeks gestation. Immediately after delivery the mean (95% CI) difference was

4.0 (-0.7, 8.6) bpm (p=0.046). This difference in HR after delivery is maintained until

approximately day 14.

The differences in SBP, DBP, and HR, between nulliparous and multiparous women

reported here are small compared to the changes in vital signs associated with pregnancy

(see Section 5.3). These differences are therefore unlikely to be clinically significant.

The other vital signs, Temp, SpO2 and RR, showed little difference between trajec-

tories for nulliparous and multiparous women.

Comparison to AVON study data

In 2015, Macdonald-Wallis et al. [72] investigated the effect of parity on SBP and DBP

during the antenatal period, using longitudinal data collected from a large cohort of

women (n = 7, 504) enrolled in the AVON study (Bristol, UK). They fitted a cubic

spline multilevel model separately to nulliparous and multiparous women in the AVON

cohort. This model was described as model (c) in Section 5.2.3. Here we compare the

results of their model with the same restricted cubic splines fitted to the nulliparous

and multiparous women in the 4P cohort. Figure 5.10 shows the mean SBP and DBP
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Figure 5.10: Comparison of cubic spline multilevel model fitted to 4P (green) and Macdonald-
Wallis et al. (MW) (purple) measurements of SBP and DBP. Separate models are fitted to
nulliparous women (solid line) and multiparous women (dashed line).

trajectories from model (c) for both cohorts of women.

Both the 4P and AVON cohort models showed the same relationship between nul-

liparous and multiparous women. Nulliparous women recorded higher BP values than

multiparous women, and the difference increased during gestation. The difference in

mean trajectory between the nulliparous and multiparous SBP models was 0.8 mmHg

(4P) and 1.5 mmHg (AVON) at 10 weeks gestation, and 4.8 mmHg (4P) and 2.4 mmHg

(AVON) at 40 weeks gestation. The difference in mean trajectory between the nulli-

parous and multiparous DBP models was 0 mmHg (4P) and 1.5 mmHg (AVON) at 10

weeks gestation, and 4.0 mmHg (4P) and 2.4 mmHg (AVON) at 40 weeks gestation.

Confidence intervals for the mean trajectory of the AVON model is not available, and

so we are unable to determine the statistical significance of these differences.

The 4P cohort model records higher mean SBP and DBP values than the AVON

cohort model. The difference in mean for the SBP models was 4.3 mmHg (nulliparous)
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and 5.0 mmHg (multiparous) at 10 weeks gestation, and 6.8 mmHg (nulliparous) and 4.4

mmHg (multiparous) at 40 weeks gestation. The difference in means for the DBP models

was 5.7 mmHg (nulliparous) and 6.1 mmHg (multiparous) at 10 weeks gestation, and 9.2

mmHg (nulliparous) and 7.8 mmHg (multiparous) at 40 weeks gestation. Examination

of the raw centiles6 reveal that this difference is present in the raw data, and may be

explained by the difference in clinical care between 1991-1992 when the AVON study

was performed, and 2012-2016 during the collection of the 4P study data. The shape of

the trend between the studies is similar, with a rise in SBP and DBP towards the end

of pregnancy, slightly greater in the 4P cohort.

5.5.2 BMI

BMI is a measure of obesity and a high BMI has been associated with adverse pregnancy

outcomes [156, 157]. NICE defines four categories of BMI: < 18.5 kgm−2 as underweight,

18.5−24.9 kgm−2 as normal weight, 25.0−29.9 kgm−2 as overweight, and > 30.0 kgm−2

as obese [158, 159]. BMI is usually treated as a categorical variable with women grouped

into these four categories [69], or as a dichotomous variable for BMI < 25 (underweight

and normal weight) and BMI ≥ 25 (overweight or obese) [61, 71].

In the 4P study, BMI of the women is collected at recruitment, usually between 11 and

14 weeks of gestation. Here we include recruitment BMI as a continuous variable as this

includes all of the available information. We include an intercept term, a quadratic term,

and the interaction between BMI and time (i.e. gestational age for an antenatal model)

at level 2 (population level) of the standard polynomial multilevel model. Unfortunately

BMI is only recorded once in the 4P study, so the change in BMI during pregnancy

cannot be included. BMI is transformed using a linear transformation to remove the

mean, thus let m = BMI−24.0. For antenatal SBP, standard polynomial orders of P = 2

and Q = 1 for the population and subject-specific levels respectively were chosen (see

6Macdonald-Wallis et al. reported empirical centiles for every two weeks of gestation.
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Appendix C.7.3). The standard polynomial multilevel model including BMI is described

by:

yij = β0 + β1xij + β2x
2
ij + β3mi + β4m

2
i + β5mixij + bi0 + bi1xij (5.8)

To illustrate the effect of BMI on vital sign trajectories, in Figure 5.11 we present

the predictive curve over time at a BMI of 18.5, 25.0, 30.0, and 35.0 kgm−2 for antenatal

and postnatal SBP, DBP, and HR (50th centile only, outer centiles are not shown). BMI

has the greatest impact on antenatal SBP. Mean (95% CI) difference between the 50th

centiles of the SBP model for BMI = 18.5 and the SBP model for BMI = 35.0 was 17.4

(14.1, 20.7) mmHg at 10 weeks gestation (p<0.001) and 9.6 (6.2, 12.9) mmHg at 40 weeks

gestation (p<0.001), where a low BMI is associated with a low SBP and a high BMI is

associated with a high SBP. Similarly for the DBP models, mean (95% CI) difference

was 12.7 (10.4, 15.1) mmHg at 10 weeks gestation (p<0.001), and 8.0 (5.5, 10.6) mmHg

at 40 weeks gestation (p<0.001). The decrease in difference between the BMI = 18.5

model and BMI = 35.0 model for both SBP and DBP during pregnancy is the effect

of the quadratic BMI term, β4m
2
i , which describes how the curvature of the trajectory

changes as BMI changes. The opposite trend is observed for antenatal HR. The mean

(95% CI) difference between the 50th centiles of the HR model for BMI = 18.5 and the

HR model for BMI = 35.0 was 0.3 (-3.1, 3.7) bpm at 10 weeks gestation (p=0.444), but

increased to 8.3 (4.4, 12.2) bpm at 40 weeks gestation (p<0.001). The 50th centile of

the HR model for BMI = 35.0 had the greatest change, increasing from 83.2 (80.4, 86.0)

bpm at 10 weeks gestation to 98.3 (95.3, 101.4) bpm at 40 weeks gestation; a change of

15.2 (12.2, 18.1) bpm (p<0.001).

Postnatal vital-sign trends show relatively little difference between the different

BMIs. Immediately after delivery, mean (95% CI) difference between the 50th centiles

of the model for BMI = 18.5 and the model for BMI = 35.0 was 10.0 (6.3, 13.6) mmHg

for SBP (p<0.001) and 5.3 (2.4, 8.2) mmHg for DBP (p<0.001). As BMI changes, the
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Figure 5.11: Mean trajectories of four different BMIs for antenatal (left) and postnatal
(right) data for vital signs SBP (top), DBP (middle) and HR (bottom). BMI was included in
a standard polynomial multilevel model as a continuous covariate.
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shape of the vital-sign trajectory does not change significantly. BMI has little effect on

Temp, SpO2 and RR.

The treatment of BMI as a continuous variable in a multilevel model produces useful

results. A quadratic BMI term allowed the model to describe changes in shape trajectory,

particularly relevant for antenatal SBP, DBP, and HR. The antenatal BP association

with BMI observed here, that a low BMI is associated with a low BP and vice versa, has

been observed by other BP studies in pregnancy [61, 72, 69, 70]. Studies exploring the

effect of BMI on the other vital signs in pregnancy have not been identified, nor have

we found studies that treated BMI as a continuous variable and reported the results.

5.6 Discussion

In this chapter we have developed and presented reference ranges for antenatal and post-

natal vital-sign trends using thousands of measurements collected during the 4P study.

With the exception of antenatal SBP and DBP, obstetric vital-sign trends have not previ-

ously been modelled. The modelled trajectories supported previously suspected changes

in antenatal SBP, DBP and HR, and revealed new information about Temp, SpO2 and

RR. Postnatal trajectories were particularly informative as there is little information

available on physiology after delivery.

Previous attempts at modelling BP during pregnancy have mostly relied on multilevel

models to derive reference ranges, and this was the method adopted in this chapter. The

strength of a multilevel model lies primarily in its hierarchical nature. The model takes

into account structures present in the data, such as repeated measures within a subject

that are present in a longitudinally collected dataset. Variance is therefore appropriately

modelled. The hierarchical structure allows prediction inference to be performed at both

the population-level and subject-level. Trajectories from individual women can therefore

be compared, so as to explore the difference between subgroups of women.
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A primary weakness of the linear multilevel model is the assumption of normality.

Between-subject and within-subject variances are assumed to be normally distributed,

which is largely appropriate for vital-sign data except perhaps for oxygen saturation.

SpO2 is a one-sided distribution (bounded by 100% at the upper end), and is therefore

likely to be skewed. Other statistical models, such as the L-M-S method, directly account

for skewness and therefore may be more appropriate for such data, so should be explored

further [142]. The subject-specific parameter distribution, bi, was also assumed to be

Gaussian. This may mask underlying subgroups of trajectory shape. A more flexible

distribution, such as a mixture of Gaussians, could be explored to identify possible

subgroups.

Furthermore, the multilevel models considered here were parametric, that is the

number of parameters were fixed, as opposed to growing with the dataset. While the

standard polynomial appeared sufficient to model vital-sign trends, other models could

be considered, such as kernel regression or Gaussian Process regression for which the

number of parameters does not constrain the shape of the trend. Modelling in this

way may be particularly advantageous for the 24 to 48 hours immediately after delivery

where few data were available and the standard polynomial and fractional polynomial

models diverged. The postnatal measure of time was in days after delivery for ease

of interpretation, however measuring time in hours since delivery would be important

to capture the transient changes in vital signs during this critical time. It would also

be helpful if measurements were made more frequently during the first 48 hours, for

example every 8 hours.

The addition of covariate information to the multilevel model was also explored.

BMI was included as a continuous variable, which has not previously been done for

obstetric applications. SBP and DBP in particular changed significantly with BMI.

Differences in parity were investigated by fitting separate models to nulliparous and
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multiparous women. The shape of the mean trajectories were similar between the two

groups, suggesting that its inclusion as a parameter in the multilevel model would be

appropriate. Other variables to consider include maternal age and smoking status; for

postnatal trends, gestational age of delivery and type of delivery could also be included.

The method to decide which covariate information to include in a model remains con-

troversial. The statistical literature suggests either a top-down or bottom-up approach,

whereby parameters are removed or introduced gradually, performing strict statistical

tests to determine the significance of each parameter [160]. This often leads to “over-

fitting” when the model is only applicable to the available data. Alternatively, model

parameters are chosen based on the quantity of data available, such that potentially

important variables with little data may be omitted because chance variation cannot

be ruled out as an alternative explanation for their predictive power. The Bayesian

literature suggests all possibly relevant information should be included in a model. The

possible loss of precision when including unimportant predictors is usually viewed as a

relatively small price to pay for the general validity of predictions and inferences about

estimands of interest [161]. However, both of these approaches must be mediated by the

application of such a model. The obstetric vital-sign reference ranges developed in this

chapter are ultimately for use in hospitals, where including too much information may

inhibit their ease-of-use, yet excluding irrelevant information will make it a useless tool.

Associations between vital-sign trajectories can be explored through a multivariate

model, which will be explored in Chapter 7. The next chapter discusses the translation

of vital sign reference charts to a clinical tool using a track-and-trigger system.



Chapter 6

Development of an Obstetric Early
Warning Score

In Chapter 2 we introduced the concept of track-and-trigger systems for identifying

and initiating a response to deteriorating physiology. Current track-and-trigger systems

that have been adapted for maternity are based on limited knowledge of physiology in

pregnancy. The antenatal and postnatal vital sign reference ranges presented in Chapter

5 were informed by thousands of vital sign measurements collected in the 4P study, and

therefore provide an ideal model from which to create an evidence-based alerting system.

In this chapter we review existing obstetric track-and-trigger systems, and propose a new

obstetric alerting system that is specific to the stage of pregnancy.

6.1 Alerting systems in obstetrics

Since 2007, CEMD reports have emphasised the importance of routine monitoring of

pregnant women and recommended the implementation of an EWS specific to obstetrics

[6, 14, 36, 162, 163]. Standard adult alerting systems, such as the UK national NEWS,

are not appropriate for the obstetric population since physiology adapts to the pregnant

state [44, 151]. An example maternal EWS was included in the 2007 CEMD report,

named the Modified Early Obstetric Warning Score (MEOWS) [36]. There has since

been a national drive to implement MEOWS or a similar obstetric EWS in all hospitals

150
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in the UK. By 2014, a survey of midwifery centres at NHS secondary care organisations

reported that 99% (106/107) of respondents had implemented a maternal EWS [164].

One-third of these centres had directly implemented the recommended MEOWS score,

while the remaining centres used a modified version or their own adapted EWS. This

rate of maternal EWS implementation was an improvement from 2007, where a similar

survey of 150 UK maternity units found that only 30 (19%) maternity units regularly

used any form of EWS for obstetric patients, and just nine (6%) were using a modified

EWS specific for obstetrics [151]. These surveys also highlighted the lack of consistency

between obstetric EWS, such as disagreement about which physiological parameters to

monitor, where vital sign thresholds should be set, and when an urgent clinical response

should be triggered [164, 165].

The EWS is the most common form of track-and-trigger chart implemented in hos-

pitals in the UK, and therefore the focus of the work in this chapter. EWS systems are

usually presented as a paper chart, where each vital sign range is divided into a series

of boxes available for selection by the recording clinician. A typical scoring system uses

seven bands, e.g. {3, 2, 1, 0, 1, 2, and 3}, to describe the range of abnormally low values

(3) to normal values (0) to abnormally high values (3) for each physiological parameter.

This is the scoring system adopted by NEWS (see Section 2.2.2). In maternity, the scor-

ing bands are often coloured white, yellow, orange, and red for the regions corresponding

to a score of 0, 1, 2, and 3 respectively. The sum of scores is the EWS aggregate score,

which is compared to the trigger threshold to determine whether a clinical response is

initiated. Note we use the word cut-off to describe the values of each physiological pa-

rameter which separate the different scoring bands, and trigger threshold to describe the

aggregate scoring criterion which determines whether a response should be triggered.

Some EWS systems in maternity determine whether a clinical response is triggered

by counting the number of coloured boxes, rather than assigning numerical values. These
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systems typically use five bands (instead of seven) for each physiological parameter, e.g.

{red, yellow, white, yellow, and red}, to describe the range from abnormally low values

(red) to normal values (white) to abnormally high values (red). A clinical response is

usually triggered by two yellow parameters or one red parameter. Colour-coded systems

were advocated by the 2007 CEMD report because they are simple to use and interpret

[36].

Several names have been used to refer to an EWS adapted for obstetrics. Here

we adopt the acronym ObsEWS (Obstetric Early Warning Score) to refer to an EWS

adopted for use in maternity, as recently proposed by Quinn et al. [48].

6.1.1 Identification of obstetric EWS in the literature

To illustrate the inconsistencies in current ObsEWS, and thus emphasise the need for a

standardised system, here we compare and contrast ObsEWS and other relevant systems

presented in the literature. Four ObsEWS (labelled A-D) were identified in journal pub-

lications. Two other published track-and-trigger systems were also considered relevant:

a single-parameter maternal warning system proposed for national use in the USA (E);

and the first iteration of a response system which is initiated by vital sign triggers (F).

The details of these publications are presented in Table 6.1. We have excluded ObsEWS

that appear in textbooks (such as the PROMPT manual [64] and the MOET manual

[166]) since these are examples of locally developed charts and no descriptions are given.

However, for context, we include local ObsEWS currently in use at the three 4P study

sites (labelled OXF, LON, and NCL for the Oxford, London, and Newcastle centres re-

spectively). The cut-off values of these nine systems are presented graphically in Figure

6.1 using the yellow-orange-red colour scheme most common in ObsEWS systems.

The majority of the alerting systems presented here (5/9) use a colour-coded scoring

system to trigger a clinical response (A, B, C, OXF, and NCL). They all follow the

typical colour-coded format with two abnormal regions per vital sign - yellow (moder-
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Figure 6.1: Vital sign cut-off values from ObsEWS and other relevant systems reported in the
literature. The white region indicates a normal vital sign value, the yellow and orange regions
indicate slightly abnormal values, and the red region represents most abnormal physiology.
Letters A-F refer to the publications described in Table 6.1. OXF, LON, and NCL are the local
ObsEWS used at the 4P study sites, Oxford, London, and Newcastle respectively.



Year Author Country ObsEWS name Description Design process
Scoring
system

A 2007 CEMD [36] UK MEOWS Locally developed None given CC

B 2009 Swanton et al. [151] UK Combined ObsEWS
Combination of nine local
ObsEWS

Expert opinion CC

C 2013 RCPI [152] Ireland I-MEWS Irish national ObsEWS
Literature review and clinical
consensus

CC

D 2013 Carle et al. [167] UK
Statistical and

clinical ObsEWS
Data-driven approach

Parameters informed from logisitic
regression model of ICU data

AGG

E 2014 Mhrye et al. [168] USA MEWS
Proposed ObsEWS for United
States

Literature review and clinical
consensus

SP

F 2016 Hedriana et al. [19] USA MEWT
Early warning tool that includes
treatment pathways

Literature review, clinical
consensus and ICU data

SP*

CC: colour-coded system; AGG: aggregate scoring system; SP: single-parameter system

*F has a single cut-off value for each parameter like a single-parameter system, but two abnormal measurements are required to initiate a clinical response.

Table 6.1: ObsEWS identified in the literature.
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ately abnormal) and red (very abnormal) - and alert when two yellow parameters or

one red parameter are scored. Aggregate scoring systems, where a numerical “score” is

calculated, are used by two systems (D, LON). LON again has two abnormal regions per

parameter, assigning a score of either 0 (normal), 1 (moderately abnormal), or 2 (very

abnormal) per vital sign. Graded clinical responses are triggered at an aggregate score

of 2, 4, and 6. D is the only ObsEWS reported here to include a third abnormal region

(coloured orange) for each parameter. Numeric scores for each vital sign therefore range

from 0 (normal) to 3 (very abnormal), and clinical responses are initiated for aggregate

scores of 4 and 6. This scoring system is most similar to NEWS. The remaining two

systems (E, F) have a single cut-off (red) for each parameter, and trigger a response

when any one (E) or two (F) parameters are in the red region. F additionally specifies

the abnormal condition must be sustained for 30 minutes or more before an alert is

triggered.

Six of the nine systems (A, B, C, OXF, LON, NCL) include all vital signs parameters

in their alerting system: SBP, DBP, HR, Temp, SpO2, and RR. One system (F) specifies

a BP cut-off in the form of Mean Arterial Pressure (MAP) rather than SBP and DBP;

another (D) measures the amount of oxygen required to maintain SpO2 at 96% rather

than the SpO2 value. The final system (E) excludes temperature because it was not

considered important by the system designers [168].

Although the vital signs included in these ObsEWS are largely agreed upon, addi-

tional parameters were often included in the alerting system. These may be subjective

(such as neuroresponse or a pain score), or measurable (such as blood glucose or urine

output). Neuroresponse was the most common, included in every system reviewed here.
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6.1.2 Methods of design

An obvious reason for the inconsistencies between ObsEWS is the lack of data-driven

approaches to development. Of the systems identified, the earliest three provide little

information on the design process. The first nationally recommended MEOWS (A)

reproduced the locally developed ObsEWS from Aberdeen Maternity Hospital [36]. We

have not been able to identify an explanation of the design process. The ObsEWS

presented by Swanton et al. (B) was a combination of the best elements of nine UK

ObsEWS, decided by expert opinion [151]. No further details were given. The I-MEWS

(C) has been implemented as the national ObsEWS in Ireland, yet the only justification

provided for design decisions was a review of the international literature on ObsEWS

[152]. Similarly, the local ObsEWS used in the Oxford, London, and Newcastle 4P sites

(OXF, LON, and NCL) do not appear in journal publications, and thus no explanation

of the design process has been found.

The first evidence-based ObsEWS was presented by Carle et al. in 2013 (D) [167].

Their aggregate-weighted ObsEWS was based on a statistical model, trained and val-

idated using 13 years of ICU audit data from England, Wales, and Northern Ireland

(the ICNARC dataset1). Audit data contains the most abnormal physiological measure-

ments collected within the first 24 hours of an ICU admission (for example, the lowest

and highest heart rate recorded for a patient). This dataset therefore reflects only phys-

iological extremes. All available physiological parameters (including HR, SBP, DBP,

RR, and Temp) collected from direct obstetric admissions (4,440 women) were entered

into a multiple logistic regression model where the outcome was patient mortality. The

resulting coefficients (specific to one decimal place) were used to weight the correspond-

ing physiological parameters in a statistical ObsEWS. However, the authors developed a

1The Intensive Care National Audit and Research Centre (ICNARC) Case Mix Programme (CMP)
database began in 1995 and is regularly updated with ICU data. The dataset analysed by Carle et al.
was collected between 1995 and 2008.
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second clinical ObsEWS using weightings and physiological parameters more familiar to

clinicians, since they acknowledged the importance of an ObsEWS meeting the expecta-

tions of those who would be using it. The clinical ObsEWS therefore used whole number

weightings between 0 (normal) and 3 (most abnormal) for the physiological parameters,

and added five limits (high SBP, high DBP, high Temp, low HR, and low RR) which

were not included in the logistic regression model.

Although the ObsEWS developed by Carle et al. are data-driven, the ICU nature of

the dataset has been the source of much criticism. In a recent editorial, Smith and Pry-

therch suggest that an ObsEWS developed from such a dataset would only discriminate

the risk of in-ICU death [169]. The score should, as a minimum, be tested statistically

against data from the general obstetric inpatient population before implementation in

the general obstetric ward is considered.

In 2014, Mhrye et al. [168] proposed a national maternal early warning system for

the United States: the Maternal Early Warning Criteria (MEWC) (E). The MEWC is

designed as a single-parameter risk assessment system whereby a response is triggered

for any single abnormal parameter. A single-parameter system is thought to reduce false

alarms that contribute to desensitisation, mistrust, and lack of caregiver response [20].

In addition, a single-parameter system does not require staff to document, calculate, and

interpret a numerical score, which can be cumbersome when the score is usually normal.

Against this, the “graded” approach of aggregate systems has been shown to provide a

more robust measure of acute-illness severity for adult, non-obstetric patients [40].

Another relevant maternal warning system is the Maternal Early Warning “Triggers”

(MEWT) (F) proposed by Hedriana et al. [19]. These are a set of single-threshold

vital sign triggers where two or more abnormal vital signs are required to trigger a

response. The authors also propose a response system of four clinical pathways which

aim to identify the area of concern (e.g. sepsis, see Section 2.1.2) and make use of
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existing policies and procedures in that area. This MEWT system is of note because the

motivation of its authors in developing a maternal warning tool was to evalute the use of

continuous critical vital sign values for deciding on follow-up treatment. Continuous vital

sign data from 50 obstetric ICU patients and 50 obstetric ward patients (the controls)

informed their decision about the persistence requirement for vital sign triggers in their

system. The physiological parameters to include in the early-warning system and cut-

offs at which to trigger had been chosen previously by literature review and clinical

consensus. They observed that, when the vital signs of control patients exceeded a

threshold, the abnormal physiology did not persist. In contrast, the abnormal physiology

of the ICU patients persisted for more than 30 minutes. A vital sign was therefore only

considered abnormal when exceeding the threshold for more than 30 minutes, and two

persistent abnormal vital signs were required to trigger a clinical response.

Of the nine maternal alerting systems presented here, only one used a statistical

model to influence design (D), and two used data to inform or justify design choices (D,

F). ObsEWS systems are largely based on expert opinion or opinions from literature,

which are often not described or justified. There is an apparent lack of knowledge

about vital sign trajectories expected in pregnancy, and therefore where to set cut-off

values. None of the ObsEWS systems identified took into account the stage of pregnancy

when determining vital sign thresholds. There is also a lack of agreement about which

physiological parameters to include in an ObsEWS (decisions to include or exclude

certain parameters were usually based on opinion) and on how to structure the trigger

systems.

6.1.3 Methods of validation

The need for validation of ObsEWS systems is an ongoing challenge. Despite the rapid

introduction of ObsEWS into the maternity services in the UK, few local charts have

been validated and clinical audit has not taken place [165, 164, 170, 171]. In Section 2.2.1,
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we introduced the commonly used metrics for validation of track-and-trigger systems.

The ideal ObsEWS as a predictive tool would have a high sensitivity (all those with

the defined outcome trigger a response) and high sepcificity (few unnecessary triggers).

Five of the nine ObsEWS identified in Section 6.1.1 (Table 6.1) have been evaluated in

a validation study (A, B, C, D, and F). Here we present and discuss the main findings

from five validation studies identified in the literature, summarised in Table 6.2.

The earliest identified ObsEWS validation study was in 2012 by Singh et al. [20].

They validated MEOWS (A) using vital sign data from 676 obstetric inpatients at Bar-

net hospital, UK, collected prospectively over a period of two months. The outcome

measure was maternal morbidity (pregnancy-related complications such as obstetric

haemorrhage, pre-eclampsia, or suspected infection, defined before the study began),

positive for 86 (13%) women. They found the MEOWS sensitivity was 89% and the

specificity 79%, both higher than for a non-obstetric EWS. Women who triggered an

ObsEWS response were more likely either to have or to develop morbidity than those

who did not trigger. MEOWS had a poor positive predictive value (39%), probably due

to the low prevalence of maternal morbidity in the studied population.

Two of the maternal warning systems identified in Section 6.1.1 included a validation

study in the same publication that presented the design (D, F). These are the two

systems whose design was data-driven. Carle et al. validated their statistical and clinical

ObsEWS (D) against two other ObsEWS (A, B). They used a held-out section of their

ICU audit dataset with which to perform the analysis, with mortality as the outcome.

The statistical and clinical ObsEWS performed the best, both with an AUROC greater

than 0.95. However, this validation study suffers from the previous criticism that only

in-ICU death can be assessed by an ICU audit dataset. Data from obstetric inpatients

on a general ward is required for a full validation.



Year Author Country
ObsEWS
validated

Type of data Type of study Outcome measured Main findings

2012 Singh et al. [20] UK A
Obstetric inpatient data,
n = 676

Prospective
Morbidity (several
complications)

A performed better than
non-obstetric EWS

2013 Carle et al. [167] UK A, B, D
Obstetric ICU aduit data,
n = 2200

Retrospective Mortality
D performed better than A and
B, measured by AUROC

2015
Maguire et al.
[170]

Ireland C
Obstetric inpatients with
bacteremia, n = 81

Prospective and
retrospective

Vital sign
recording rate

Dataset too small to suggest a
change in outcome

2015
Edwards et al.
[171]

USA
A, B, D and
three others

Obstetric patients with
chorioamnionitis, n = 364

Prospective
Morbidity (severe
sepsis)

Large differences in performance
between ObsEWS.
Over-detection of severe sepsis

2016 Hedriana et al. [19] USA F
Obstetric ward and ICU
data, n = 50

Retrospective ICU admissions
Requirement of sustained
abnormal physiology increases
performance

Table 6.2: Studies identified in the literature that validate ObsEWS systems.
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Hedriana et al. [19] also included validation results for their MEWT system (F) in

the same publication that described its design. The same dataset was used for design

and validation, with the outcome as ICU admission (50% rate). The MEWT had a

sensitivity of 72%, a specificity of 96%, and a high positive predictive value of 95%

[19]. The authors showed that the requirement of persistent abnormal physiology (>30

minutes) improved the specificity and positive predictive value when compared to the

same thresholds triggered by an isolated abnormal value.

The most comprehensive ObsEWS validation study was performed by Edwards et

al. [171]. They retrospectively assessed the predictive power of six ObsEWS (A, B, D,

an example included in the PROMPT medical textbook [64], and two example NHS

ObsEWS systems included in the Maternal Critical Care Working Group publication,

labelled MC1 and MC2 [172]) to identify severe sepsis in a population with chorioam-

nionitis2. Their dataset consisted of physiological measurements from 364 women with

chorioamnionitis, five of which developed severe sepsis. Results showed large disparities

between the ObsEWS. Three ObsEWS (A, B, PROMPT) had a high sensitivity (100%)

yet low specificity (between 3.6 and 29%); the other three ObsEWS (D, MC1, MC2)

had moderate sensitivity (40 to 60%) yet good specificity (84.4 to 96.9%). All ObsEWS

had very poor positive-predictive values (from <2% to 15%), probably due to the very

low number of positive cases in the dataset (5/364, 1.4%). AUROC ranged from 0.52

(A, PROMPT) to 0.68 (MC2). In general the ObsEWS tested here over detected se-

vere sepsis; thus, the authors suggest that a more specific secondary test is required to

identify true cases.

The final validation study concerned the Irish I-MEWS (C) score, which in April 2013

was implemented in all 19 maternity units in Ireland [170]. The effect of the I-MEWS

system (C) was assessed by identifying whether recording of vital signs had improved

2A bacterial infection of the fetal amnion and chorion membranes that increases the risk of sepsis.
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for women who had developed maternal bacteremia3 at a large maternity hospital in

Dublin, Ireland (The Coombe Women and Infants University Hospital). Vital signs

were extracted retrospectively from medical charts completed between 2009 and April

2013 (61 patients), and prospectively from the I-MEWS charts for the 12 months after

its introduction (20 patients). The introduction of I-MEWS was associated with an

improvement in the recording of vital signs, particularly RR. Despite covering a 5-

year period, the number of people identified with maternal bacteremia was too small

to suggest whether I-MEWS had caused a change in clinical outcome, so no typical

validation metrics were presented.

In this section, we have examined five publications which present validation studies

for one or more ObsEWS. All five employed a different outcome measure. The two that

used a form of morbidity as the outcome (all maternal complications [20]; or severe-

sepsis [171]) used well-defined criteria specified before the beginning of the study. It

is thought that morbidity, rather than mortality, is a more appropriate outcome mea-

sure for ObsEWS since the number of maternal deaths is fortunately low in developed

countries. All studies were affected by a low prevalence of the adverse event (positive

outcomes) in their dataset. As a result, none of the five studies are able to come to any

firm or robust conclusion about the performance of ObsEWS.

6.1.4 Future direction for an obstetric early warning score

Our findings demonstrate inconsistencies in existing ObsEWS systems. These need to

be resolved with a standardised obstetric alerting system, similar to the standard UK

national NEWS developed for the adult non-pregnant population [151]. A major barrier

to development of such a system has been the lack of available evidence from which to

inform cut-offs and trigger thresholds [48]. As discussed in Section 2.3.2, a systematic

3Bacterial growth in blood culture specimens from pregnant or postpartum women. If maternal
bacteremia is associated with sepsis, severe sepsis, septic shock, or multiple organ dysfunction syndrome
it may lead to significant morbidity and mortality.
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review of the literature revealed few large studies collecting vital sign information from

women experiencing a normal pregnancy. Furthermore, synthesis of BP and HR infor-

mation from these studies showed large heterogeneity in the antenatal period. Limited

information was available for the intrapartum or immediate postpartum periods, or for

SpO2, Temp, and RR.

Another barrier a standardised ObsEWS will need to overcome is their infrequent use

in the postnatal period [6]. One centre, surveyed by Mackintosh et al. [42], reported just

22% postnatal usage even though use of a postnatal ObsEWS was a required guideline at

that centre. Several studies have also identified the high absence of RR measurements in

the postnatal period compared to other vital signs [42, 173]. The lack of adherence to an

ObsEWS in the postnatal period is thought to be because nurses perceive women to be

recovering from the natural event of childbirth, and therefore conclude an ObsEWS is to

be neither neccessary or relevant. While childbirth is a natural event, the female body

is recovering from an altered physiological state, and normality cannot be presumed

without measurement [6]. Many complications also occur in the few days after delivery,

such as obstetric haemorrhage and sepsis, as previously discussed. The relevance of an

ObsEWS could be addressed by developing different EWS systems for each stage of

pregnancy.

A recent paper by Quinn et al. [48] calls for a standardised ObsEWS and presents

clear guidelines for construction. The ObsEWS should be applied to all women present-

ing to acute care wards who are known to be pregnant or who are within 42 days (6

weeks) of delivery. The only six physiological parameters that should be included are:

SBP, DBP, HR, Temp, SpO2, and RR. This differs from the adult NEWS, where DBP

is not recorded and level of consciousness is included [44]. The paper explains that a

reduced level of consciousness is not an early warning sign but an indication of estab-

lished critical illness, and DBP is an important indicator of gestational hypertension
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and pre-eclampsia. These choices of vital signs are supported by other expert opinion

[164, 165]. The scoring system of a national UK ObsEWS should align with that of

the UK NEWS so that staff who primarily work with the non-pregnant population can

easily adapt without confusion.

In the next section, we use vital sign information collected in the 4P study to develop

an evidence-based ObsEWS specific to the antepartum and postpartum periods, incor-

porating the suggestions by Quinn et al. [48]. An antenatal ObsEWS (C-MEOWS) was

developed by another member of our research group using preliminary analysis of 4P

data [124]. Their work used data from fewer women than the dataset described in this

thesis (439 compared to 620 women in this thesis), and only focused on the antenatal

period. Our work builds on their preliminary analysis.

6.2 Centile-based early warning scores

Previous data-driven approaches to developing EWS systems, such as Carle et al. [167]

and the ViEWS system which informed NEWS [45], have typically used a binary out-

come (e.g. death/survival) to determine cut-off values for each physiological parameter.

However, as observed by Tarassenko et al. [174], this approach may discriminate against

patients with redeemable deterioration. They proposed an alternative approach where

cut-off values are based on the extreme centiles of the statistical distribution of vital

signs in the healthy population. This would alert clinicians to patients who exhibit ab-

normal physiology, irrespective of outcome, in line with the original objectives of EWS

systems [175].

Tarassenko et al. [174] developed the centile-based early warning score (CEWS),

informed by 64,000 hours of continuous vital sign data collected from the bedside mon-

itors of 863 acutely ill hospitalised inpatients (non-pregnant adults). Their CEWS used

seven scoring bands for each vital sign, numbered {3, 2, 1, 0, 1, 2, 3} from most ab-
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normally low values to most abnormally high values. The cut-off values for the first

scoring band were set at the 10th and 90th population centiles; the cut-off values for the

second scoring band were set at the 5th and 95th centiles; and the cut-off values for the

highest scoring band were set at the 1st and 99th centiles. Thus, the most extreme 2%

of measurements scored a 3; the next 3-10% scored a 2; and the next 11-20% scored a 1.

The 80% of measurements with the most “normal” values (closest to the mean) did not

contribute to the aggregate score. In this section we apply the same centile approach to

the vital sign measurements in the 4P data to design a new ObsEWS for the maternity

population (named C-ObsEWS).

6.2.1 Scoring bands of a centile-based ObsEWS

We use the outer centiles of the univariate standard polynomial multilevel models devel-

oped in Chapter 5 to set the cut-off values for each ObsEWS scoring band. Multilevel

models use a hierarchical structure to model the dependence present in longitudinal

data, and thus accurately describe the variance in the population. The multilevel model

assumes a Gaussian distribution for each vital sign at each week of gestation and at each

day after delivery. Centiles are straightforward to calculate from the Gaussian distribu-

tion. The standard polynomial form of time provided the best fit to both the antenatal

and postnatal 4P vital sign data (Appendix C.7.3), using approximately 3,500 and 5,500

sets of measurements.

In line with the principles of the centile-based approach proposed by Tarassenko et

al. [174] and the recommendations by Quinn et al. [48], we use seven scoring bands

with a range of scores from 0 (normal) to 3 (most abnormal); the same scoring range

as the UK national NEWS. We set the cut-off values for each vital sign at the 1st, 5th,

10th, 90th, 95th, and 99th centiles of their distribution for each week of gestation and

each day after delivery. Figure 6.2 illustrates the selection of centiles for SBP at 25

weeks gestation. This process is performed for all vital signs except for SpO2 which is
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Figure 6.2: Identification of the 1st, 5th, 10th, 90th, 95th and 99th centiles (red lines) on the
cumulative distribution of SBP at 25 weeks gestation. The cut-off values for the C-ObsEWS
system are informed by these centiles.

a one-sided Gaussian distribution (only low SpO2 values are considered abnormal; high

SpO2 values such as 99% and 100% are recorded for healthy women). We therefore select

only the 10th, 5th, and 1st centiles to inform the cut-off values for SpO2.

As suggested by Quinn et al. [48], our C-ObsEWS uses six vital signs (SBP, DBP,

HR, Temp, SpO2, and RR) and no other parameters. We propose a scoring system

that varies with the stage of pregnancy, and therefore present different systems for the

antenatal and postnatal periods. This addresses the concern that the current ObsEWS

is not relevant for the postnatal population [42].

Our C-ObsEWS systems are presented in Figure 6.3 (SBP, DBP, and HR) and Figure

6.4 (Temp, SpO2, and RR). The system is coloured yellow-orange-red, corresponding to

scores of 1, 2, and 3 respectively. A vital sign in the white region contributes a score of

0 to the overall ObsEWS score. The most apparent difference between the C-ObsEWS

alerting cut-offs and other ObsEWS in the literature (see Figure 6.1), is the narrow

distance between the lower and upper red cut-offs (1st centile and 99th centile).

To assess whether the C-ObsEWS is an appropriate early warning tool in obstetrics,

we should ideally validate the system using an unseen dataset with labelled outcomes

(such as ICU admission or development of a pregnancy-related complication). We cur-
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Figure 6.3: Proposed C-ObsEWS for SBP (top), DBP (middle) and HR (bottom) for the
antenatal period (left column) and postnatal period (right column).
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Figure 6.4: Proposed C-ObsEWS for Temp (top), SpO2 (middle) and RR (bottom) for the
antenatal period (left column) and postnatal period (right column).
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rently do not have access to such a dataset. Instead, we discuss the potential impact of

the C-ObsEWS system here by re-visiting the 4P dataset, and in Section 6.3 we examine

two case studies of women who developed sepsis in the postnatal period.

6.2.2 Re-visiting the 4P data

The C-ObsEWS design was informed by 10,000 sets of vital sign measurements collected

from 1 August 2012 to 15 July 2016 in the 4P study (see Table 5.3). Here, we investigate

what proportion of those measurements would trigger an alert on the C-ObsEWS. We

compare the results with the Oxford MEOWS chart (OXF in Figure 6.1), since this is

the local ObsEWS system for the majority of women in the 4P study.

Figure 6.5 shows the proportion of 4P measurements which would be in the yellow,

orange (C-ObsEWS only), or red regions of the two ObsEWS systems. For SBP, DBP,

HR, and Temp, the C-ObsEWS is consistent in the proportion of alerts per vital sign,

where approximately 10% of measurements cause a yellow alert, 8% cause an orange

alert, and 2% cause a red alert. These numbers are what we expect since we chose

the corresponding centiles to inform the placement of C-ObsEWS cut-off values. The

proportion of alerts is lower for SpO2 since we have used a one-sided distribution. RR

has a peak of orange readings, probably due to the quantised nature of RR recordings

during Phase 1 of the 4P study4. The cut-off value for the RR yellow region is around

21 rpm and the next cut-off is at 22 rpm; thus, only RR measurements performed for

60 seconds (and therefore not restricted to a multiple of 2 or 4) could be in the yellow

region.

The Oxford MEOWS alerts the most frequently for HR and SpO2, and least fre-

quently for DBP. The number of yellow HR and SpO2 triggers are similar to the number

of C-ObsEWS yellow triggers. However, red alerts for Oxford MEOWS are rare. Less

4Phase 1 respiratory recordings were either 15 or 30 seconds in duration and therefore the respiratory
rates are multiples of 4 and 2 respectively. See Table 3.2 in Section 3.2.
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Figure 6.5: Percentage of 4P vital sign measurements that fall in the yellow, orange, or red
regions for the Oxford MEOWS chart (top) and proposed C-ObsEWS system (bottom).

than 0.4% of SBP, DBP, HR, Temp, and SpO2 measurements are in the red region. DBP

is even more surprising with just 14 (0.1%) yellow alerts, and 2 (< 0.1%) red alerts. A

high SBP and DBP is exhibited by 7.4% of women in the 4P study developed gestational

hypertension or pre-eclampsia (see Section 3.3.2). As hypertension is indicated by high

BP5, we would expect at least this number of yellow or red triggers for SBP and DBP

combined. The Oxford MEOWS chart is thus not very “early” in its warning. The lack

of DBP triggers also emphasises just how little is known about DBP in pregnancy [19].

Action from an EWS is initiated when the aggregate score reaches the trigger thresh-

old. The Oxford MEOWS chart is a colour-coded system where two yellow parameters

or one red parameter would initiate a clinical response. This translates to a numerical

score of 1 and 2 to the yellow and red regions respectively, where a response would be

5Gestational hypertension and pre-eclampsia are defined in Section 2.1.2
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initiatied at an aggregate score of 2. As previously mentioned, C-ObsEWS scores for

each vital sign range from 0 (white region) to 3 (red region). An aggregate threshold for

a response has not been proposed, so we adopt the first (lowest) NEWS trigger threshold

of 5, since NEWS also use a range of 0 to 3 for each parameter.

Figure 6.6 presents the aggregate scores for each set of vital sign measurements (top

graph) and corresponding number of women (bottom graph) for C-ObsEWS and Oxford

MEOWS. Aggregate scores range from 0 to 4 for Oxford MEOWS, and from 0 to 12 for

C-ObsEWS. A greater number of vital sign sets cause a trigger for Oxford MEOWS (2 or

above, 8.0%) than for C-ObsEWS (5 or above, 5.8%). This corresponds to 369 (59.5%)

and 273 (44.0%) women for Oxford MEOWS and C-ObsEWS respectively. However, the

greater range in aggregate scores of the C-ObsEWS scoring system would allow more

stratification of physiological deterioration.
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Figure 6.6: Total EWSscore for 4P vital sign measurements using the Oxford MEOWS chart
(green) and proposed C-ObsEWS system (orange).
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In this section we have compared the number of vital sign alerts from the C-ObsEWS

with the Oxford MEOWS chart, thought to be representative of existing ObsEWS in use

today. We observed that the C-ObsEWS system generated more alerts for individual

vital signs than Oxford MEOWS, and that the aggregate C-ObsEWS scores covered

a greater range than that of Oxford MEOWS. The next step in validation would be

to match alerts with a clinical outcome. The 4P dataset contains few women with a

poor clinical outcome, such as development of a pregnancy-related complication, and

thus further validation can not be performed. As we have designed C-ObsEWS to alert

for physiological deterioration, we would expect to see an increase in sensitivity but a

reduction in positive predictive value when compared to existing ObsEWS.

6.3 Women who developed sepsis

Sepsis is one of the leading causes of maternal death in the UK, and thus has received

much recent attention by the medical community. The 2011 and 2014 CEMD reports

have emphasised a “Think Sepsis” slogan which encourages clinicians to think of sepsis

at an early stage when presented with an unwell pregnant or recently pregnant woman

[6, 162]. One of the five validation studies presented in Section 6.1.3 was concerned

with the predictive power of the ObsEWS for severe sepsis [171]. Furthermore, a new

component of the Confidential Enquiry program, which investigates a selected maternal

morbidity (the Confidential Enquiries into Maternal Morbidity, CEMM), began in 2014

with the focus on maternal sepsis.

Sepsis is defined as an infection with the presence of two or more SIRS criteria6. The

SIRS triggers are a high or low Temp (> 38oC or < 36oC), high HR (> 90 bpm), high RR

(> 20 rpm), and a high white-cell count. However, the SIRS criteria are defined for the

non-pregnant population, and are often met within the normal healthy pregnant state.

A systematic review by Bauer et al. [176] compared expected pregnancy physiology

6Sepsis was introduced in Section 2.1.2.
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reported in the literature with the SIRS criteria. They illustrated how, during some

stages of pregnancy, between 20% and 30% of the pregnant population would trigger

one or more SIRS criteria. The C-ObsEWS scoring system developed in this chapter (see

Section 6.2.1) confirms the overlap of SIRS criteria with expected pregnancy physiology.

For example, a HR of 90 bpm is considered normal (white region, score of 0) for the

duration of the antenatal period and the first five days after delivery (see Figure 6.3).

While specific sepsis screening tools have been introduced to structure bedside clin-

ical assessment in the non-pregnant population, tools for sepsis in maternity have been

neglected. Furthermore, the literature lacks evidence-based criteria for SIRS that specif-

ically adjusts for the physiological changes which occur during pregnancy [177].

The CEMM report on maternal sepsis highlighted delays in diagnosis and incomplete

vital sign assessment as two reasons for the development of severe sepsis and consequent

mortality [6]. In particular, the reviews found that the absence of vital sign readings

was most obvious in the postnatal period, and RR was the most frequent physiological

measure omitted. Incomplete sets of vital sign observations are considered a lost oppor-

tunity for earlier diagnosis. Here we investigate whether, in addition to complete vital

sign recordings, the design of ObsEWS itself could improve earlier recognition.

Case studies

A random sample of twelve women that developed postnatal sepsis were identified from

those who had delivered at the John Radcliffe Hospital, Oxford, UK, between October

2014 and April 2015. None of these women were enrolled in the 4P study. We transcribed

their vital-sign observations that had been recorded on paper charts into an electronic

format. Time since delivery was measured in calendar days. Missing time stamps were

interpolated between known time stamps.

Of these twelve women, two remained in hospital for a few days after delivery (in

both cases due to a forceps delivery and obstetric haemorrhage) with regular vital sign
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monitoring. They therefore had an adequate number of vital sign measurements from

which to interpret an EWS score trajectory. These women’s hospital stays are described

below.

Woman A: Woman A experienced a normal pregnancy. She had a forceps delivery

six days before her EDD, with an epidural. She lost 800mL of blood. She remained in

hospital after delivery due to neck and back pain, and was given pain relief medication.

Five days after delivery she was started on antibiotics to cover possible endometritis7.

Two days later she was discharged from hospital. On day 11 after delivery (four days

later) she was re-admitted to hospital with suspected endometritis. She was immediately

started on intravenous8 fluids and antiobiotics. She was discharged the next day.

Woman B: Woman B experienced a normal pregnancy, except for two hospital ad-

missions due to reduced fetal movements. She had a forceps delivery seven days after her

EDD and lost 700mL of blood. After delivery she remained in hospital to recover from

the forceps delivery. She was disharged four days later. Ten days after delivery, she was

re-admitted to hospital with suspected endometritis. She was given oral antibiotics. No

other details were recorded. On day 13 after delivery she was discharged from hospital

in the morning. Later that day (10pm) she was re-admitted with severe abdominal pain

and nausea. She was discharged on day 18 after delivery, re-admitted on day 22 with

persistent endometrtis, then finally recovered and was discharged from hospital 24 days

after delivery.

Both of these women had suspected endometritis before being discharged from hos-

pital, and both were readmitted with confirmed sepsis (SIRS criteria with infection con-

firmed by blood culture, in these cases from endometritis). Woman B was re-admitted

three times before finally recovering more than three weeks after delivery. Here we in-

vestigate whether an evidence-based ObsEWS, such as C-ObsEWS proposed in Section

7Inflammation of the lining of the uterus, usually due to infection. Endometritis is a common cause
of maternal sepsis.

8Fluids or drugs that are delivered intravenously (IV), are fed directly into a vein.
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6.2.1, could have better identified physiological deterioration and thus prevented the

return to hospital or delayed discharge.

Postnatal vital sign observations for Woman A and Woman B are presented in Fig-

ures 6.7 and 6.8 respectively. Observations are plotted on both C-ObsEWS and the local

Oxford MEOWS chart for comparison. The aggregate EWS score for each set of obser-

vations for each system is also presented. In the absence of data beyond 16 days after

delivery from which to construct C-ObsEWS (see Section 3.3.3), the yellow, orange, and

red C-ObsEWS cut-offs beyond day 16 were kept constant.

For Woman A, the EWS score for the first five days in hospital are vastly different

between Oxford MEOWS and C-ObsEWS (Figure 6.7). The former records some fluc-

tuation in the first two days after delivery, and then mostly remains at a score of 0 until

discharge. In contrast, the C-ObsEWS score is oscillating around 5, which would trigger

a clinical response. She appears to be getting better on days 4 and 5 after delivery,

but on day 6 her BP drops (100/70 mmHg), her HR increases (105 bpm) and her RR

increases (28 rpm). The woman is discharged at day 7 with a C-ObsEWS score of 5.

The main cause for the difference between the two EWS scores is the DBP measurement.

This woman has a low BP, and thus is continuously in the red region for DBP, and SBP

is often also below the red cut-off. During pregnancy she had a relatively low SBP and

DBP, primarily in the yellow region of the antenatal C-ObsEWS system9. She had an

obstetric haemorrhage which would account for hypotension immediately after delivery,

but persistent postnatal hypotension in the red regions is unusually low for her. As

hypotension is an indicator of severe sepsis and septic shock, this is an important warn-

ing sign. When she is re-admitted at day 11 after delivery, her BP is initially normal

(112/80mmHg, white region) but then drops as her HR increases and her temperature

drops. She is discharged the next day, with a C-ObsEWS score of 4, and fortunately

9BP measurements for Woman A during the antenatal period were (as SBP/DBP in mmHg): 85/50
(10 weeks gestation), 89/64 (13 weeks), 100/58 (16 weeks), 110/70 (19 weeks), 97/67 (26 weeks), 100/60
(29 weeks), 99/60 (35 weeks), 100/60 (37 weeks), 106/60 (39 weeks).
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Figure 6.7: Example Woman A. Vital signs recorded for a woman who developed sepsis after
delivery. Vertical dashed lines represent discharge (blue) and readmission (green) into hospital.
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Figure 6.8: Example Woman B. Vital signs recorded for a woman who developed sepsis after
delivery. Vertical dashed lines represent discharge (blue) and readmission (green) into hospital.
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recovers at home.

The same pattern in EWS scores is observed for Woman B. The aggregate score from

Oxford MEOWS remains at 0 with two deviations at day 13 and 17. In contrast, the

aggregate C-ObsEWS score is rarely 0. Immediately after delivery the C-ObsEWS scores

between 2 and 3, which would not be cause for alarm. In her subsequent re-admissions

she would have triggered a clinical response multiple times, which may have made a

difference to her care. The difference between EWS scores is again caused by low DBP

(around 50mmHg, SBP is in the normal range), and low temperature (lowest of 35.4oC).

These are both warning signs of sepsis.

The case studies described here illustrate the fact that C-ObsEWS would create a

different clinical response to existing obstetric EWS systems such as the Oxford ME-

OWS. The cut-offs for DBP caused the greatest difference in the aggregate score. This

confirms the suspicion of Singh et al. [20] that the cut-off values for low BP in existing

ObsEWS charts were incorrectly set. In these examples we only had access to vital sign

measurements recorded while in hospital. If home measurements had been available, it

may have been possible to evaluate the postnatal changes in physiology more accurately.

6.4 Discussion

In this chapter we have presented the need for a standardised evidence-based ObsEWS,

and proposed the C-ObsEWS system to meet that need.

The C-ObsEWS has three distinct advantages over existing ObsEWS systems. Firstly,

the cut-offs for each vital sign are informed by thousands of vital sign measurements ac-

quired during a normal pregnancy. The distance between the most abnormal cut-offs

(red, score of 3) are narrower than other ObsEWS, which have initially been informed by

clinical consensus, literature review, or ICU data. Secondly, the C-ObsEWS is specific

to the stage of gestation. We propose separate systems for the antenatal and postnatal
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periods, and within each system the cut-off values for each vital sign vary with time.

This addresses concerns that ObsEWS systems are not relevant to the stage of preg-

nancy [42]. Such a system may be difficult to implement in paper charts, but would

be appropriate in an electronic system for which cut-off values corresponding to each

stage of pregnancy could be stored or computed. Thirdly, we demonstrated that the

C-ObsEWS produces a wider range of aggregate scores than existing charts. This allows

greater stratification of patients with physiological deterioration.

An outstanding requirement is an obstetric dataset with clear outcome labels with

which to validate the C-ObsEWS. We have qualitatively demonstrated the sensitivity

of the C-ObsEWS by investigating two case studies of women who developed sepsis in

the postnatal period. In both cases, the sensitivity of the C-ObsEWS score could have

prompted improved clinical care.

The scoring range for each parameter in C-ObsEWS was chosen to be the same

as the UK national NEWS score. This was suggested by Quinn et al. [48] so that

medical staff could transition between obstetric wards and other hospital wards without

confusion. The linear weighting of vital signs is familiar for clinicians and thus easy for

them to interpret. However, more complex scoring combinations may better describe

physiological deterioration. The main obstacle to implementation of such systems has

been the paper-based nature of typical EWS systems, which often require hospital staff

to calculate aggregate scores in stressful situations. There are now several examples of

electronic vital sign recording systems successfully deployed within the NHS [178]. The

SEND system in Oxford allows patients’ vital signs to be entered and reviewed via a

bedside tablet, and is now used for routine observations on adult wards in all acute NHS

hospitals in Oxfordshire [179].

A complex scoring system could also take into account interaction between vital
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signs to better describe physiological deterioration. For example, hypovolemic10 shock

is indicated by the combination of an increased HR and a lowered BP. During postpartum

haemorrhage, blood loss is compensated for by an increase in HR until no further increase

is possible, after which SBP begins to fall [180]. Thus a young, healthy woman could

lose up to 30% of her blood volume before either HR or SBP are outside of their normal

clinical range. The use of the expected values for the relevant stage of gestation may

make HR and SBP more sensitive indicators, as discussed in Section 5.3.1. However,

the Shock Index (SI), which is defined as HR divided by SBP, has been shown to be

better than HR and SBP at predicting blood loss and subsequent maternal morbidity

[181, 182]. A normal SI for the obstetric population is between 0.7 and 0.9 [180]. An

SI using values which take into account gestational age may be even more sensitive. In

Chapter 7 we investigate the interaction between vital signs beyond bivariate correlations

and incorporate it into a complex scoring system for the C-ObsEWS.

Other future improvements to C-ObsEWS include the use of continuous monitoring

and individual patient modelling. Continuous monitoring was used by Hedriana et al.

[19] in their MEWT tool (F) to determine when vital signs were persistently abnormal,

rather than an isolated incident. The main advantage of continuous monitoring should

be identification of patient deterioration in real-time. Continuous vital sign data has

been used in high-risk patients on adult wards, where the wealth of data enables the use

of more complex mathematical methods such as Gaussian Procceses [183]. These models

can be specific to an individual, determining their personal vital sign ranges, rather than

using population-determined thresholds. Patient-specific antenatal data could be used

to optimise postnatal vital sign cutoffs.

10Hypovolemia is a decrease in blood volume
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Multivariate systems

In the previous chapters we have focused on individual vital sign trajectories during

pregnancy and after delivery. Although aggregate track-and-trigger systems produce a

score that combines the abnormality of multiple parameters, these scores are typically

linearly weighted and consider parameters independently. In other words, an abnormal

value for one vital sign is treated as equally indicative of the patient state as an abnormal

value for another vital sign, and the understanding of an expected vital sign range is not

influenced by the values of other vital signs. In reality, the human body is a complex

system and changes in physiology do not occur in isolation. In this chapter we explore the

interaction between vital signs measured during pregnancy by considering a multivariate

multilevel model. This is an extension of the multilevel model developed in Chapter 5.

We also compare the multivariate results with the C-ObsEWS score developed in the

previous chapter.

7.1 The contribution of multivariate models

A multivariate model is a joint model of all observed variables (e.g. all vital signs)

that learns information about how these variables may be correlated. A joint modelling

approach to the 4P dataset shall help to establish how the association between vital signs

changes during pregnancy, and which combinations of vital signs are most abnormal.

There are a number of approaches to modelling multivariate longitudinal data, re-

181
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viewed by Verbeke et al. [184]. For our analysis we select the family of multilevel models,

since they have already been shown to be appropriate for modelling individual vital sign

trends in the 4P data (Chapter 5). Multilevel models can be extended to multiple di-

mensions by incorporating additional population and subject-specific parameters [185].

The association between outputs is described in the population level covariance matrix.

Multilevel models are versatile since they can include both continuous and discrete data,

and allow for unbalanced data. Furthermore, the parameters of multilevel models are

interpreted in terms of the observed values rather than the transformed parameter space

characteristic of other multivariate modelling systems [184].

There have been no previous attempts at applying multivariate multilevel models

to longitudinal vital sign data collected in pregnancy or in the postnatal period. In

this chapter we focus on the antenatal period, as vital sign values vary more during

pregnancy than after delivery.

7.2 Multivariate multilevel models

7.2.1 Dataset

We exclude measurements of SpO2 from the multivariate analysis. SpO2 is a one-sided

distribution, bounded by 100% on the upper end. In the univariate analysis of SpO2 in

Chapter 5, the mean value for SpO2 decreased from 98% to 96% during the course of

pregnancy. SpO2 values above the mean value are healthy, thus SpO2 is not appropriate

to include as one of the dimensions in a multivariate Gaussian distribution. For the

analysis in this chapter, we consider the following set of vital signs: SBP, DBP, HR,

Temp, and RR.

We use vital sign data collected from the 620 healthy women in the 4P study. We only

use antenatal data, and require vital signs sets to have at least three of the five vital sign

measurements recorded. If only one or two measurements are missing, they are replaced
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by the population mean value of that vital sign over the whole of the pregnancy. 3,673

vital sign sets were recorded from 4P women in the antenatal period. 684 (18.6%) sets

had one vital sign value missing (most commonly Temp), 108 (2.9%) sets had two vital

sign values missing, and 15 (0.4%) sets had more than three vital sign values missing, so

these 15 sets were excluded from analysis. Hence 3,658 vital sign sets from 620 women

were used for multivariate analysis, of which 900 vital sign values were replaced by the

corresponding mean (for 792 vital sign sets, 21.7%).

7.2.2 Description of the multivariate model

The multivariate multilevel model has the same hierarchical structure as the univariate

multilevel model introduced in Chapter 5 (Section 5.2.2). For longitudinal data, as in

the 4P study, repeated measurement occasions (level 1, subscript j) are grouped by

subject (level 2, subscript i). For the multivariate model, each observation is now a set

of vital sign measurements, i.e. yij, the jth observation on the ith subject measured at

time xij, is a vector of dimension 5 (SBP, DBP, HR, Temp, and RR).

The population parameters, β, include one or more parameters per output variable to

describe the shape of the the multivariate population trajectories. Similary, the subject-

specific parameters, bi, include subsets of parameters for each output variable to capture

variation in the individual subjects that is not explained by the population model. The

Xij and Zij matrices contain the population and subject-specific covariates respectively,

usually a function of time (e.g. a polynomial). For both the Xij and Zij matrices, we

use the superscript (v) to refer to the subset of columns that are associated with vital

sign v. The subscript i selects the rows that refer to the measurement occasions for

subject i. The multivariate model for vital sign v is therefore described by:

y
(v)
ij = X

(v)
ij β(v) + Z

(v)
ij b

(v)
i + ε

(v)
ij (7.1)
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Variance is described by the within-subject (level 1) covariance matrix R, and the

between-subject (level 2) covariance matrix, D. As for the univariate model, we assume

the residual vectors, εij, are uncorrelated and normally distributed with a constant

within-subject variance, σ2. The within-subject covariance matrix for output v is there-

fore R(v) = σ2(v)I. We assign an unstructured matrix to the between-subject covariance

matrix, D, which describes the variance of the subject-specific parameters, bi.

The covariance matrix of the population model is a combination of the within-subject

and between-subject variances. For each pair of output variables, e.g. A and B, the

covariance is calculated using Equation 7.2, which describes how each vital sign output

varies with respect to the other vital signs.

Cov(A,B) = Z(A)D(A,B)ZT(B) + R(A,B) (7.2)

7.2.3 Functional form of time

In Chapter 5 we considered three functional forms of time: (a) standard polynomials,

(b) fractional polynomials, and (c) cubic splines (see Section 5.2.3). We chose standard

polynomials to model the antenatal and postnatal univariate vital sign trends (see Ap-

pendix C.7.3). The standard polynomial model is described by Equation 7.3 where P

is the polynomial order that describes the population trend, and Q is the polynomial

order that describes the subject-specific trajectories.

yij =
P∑
p=0

βpx
p
ij +

Q∑
q=0

biqx
q
ij (7.3)

Since the standard polynomial functional form has already been shown to be most

appropriate to model vital sign trajectories in the 4P data, we select the same standard

polynomial form for the multivariate multilevel model. The polynomial orders selected

for the antenatal univariate vital sign models are shown again in Table 7.1 (excluding
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P Q

Antenatal

SBP 2 1

DBP 2 1

HR 2 2

Temp 1 1

RR 1 1

Total parameters 13 11

Table 7.1: Standard polynomial model orders selected for the antenatal univariate multilevel
models. P is the polynomial order of the population model, Q is the polynomial order for the
subject-specific model. The total number of parameters includes cases where P = 0 and Q = 0.

SpO2 since it is not included in the multivariate model).

Including powers of zero, there are 13 population parameters (β = β0, β1, · · · , β12)

which describe the multivariate population trajectory, and 11 subject-specific parame-

ters per subject (bi = bi0, bi1, · · · , bi10) which describe the multivariate subject-specific

trajectories. The between-subject covariance matrix, D, is therefore an 11× 11 matrix

(since bi ∼ N (0,D)). The equations for each vital sign are given below:

y
(SBP )
ij = β0 + β1xij + β2x

2
ij + bi0 + bi1xij (7.4)

y
(DBP )
ij = β3 + β4xij + β5x

2
ij + bi2 + bi3xij (7.5)

y
(HR)
ij = β6 + β7xij + β8x

2
ij + bi4 + bi5xij + bi6x

2
ij (7.6)

y
(Temp)
ij = β9 + β10xij + bi7 + bi8xij (7.7)

y
(RR)
ij = β11 + β12xij + bi9 + bi10xij (7.8)

The multivariate multilevel model was solved using the same Bayesian inference

methodology as for the univariate multilevel models (see Section 5.2.4). Prediction was

performed from 10 to 40 weeks of gestation which, for a 5-dimensional (5-D) multivariate

model, yields a 5-D Gaussian distribution at every time point.
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7.3 Vital sign correlations

The mean population trajectory for each dimension of the multivariate model is similar

to the mean population trajectory from the univariate model of the same vital sign. The

contribution of the multivariate model is in the correlations between vital signs. The

correlation coefficient, ρ, is a scaling of the covariance at the population level (see Equa-

tion 7.2) between -1 (strong negative correlation) and 1 (strong positive correlation). A

correlation of 0 indicates no relationship between the variables. For variables A and B,

Pearson’s correlation coefficient is calculated by:

ρAB = Corr(A,B) =
Cov(A,B)√

Cov(A,A)Cov(B,B)
(7.9)

We visualise the correlation between vital signs in Figure 7.1 by pair-wise (2-D, bi-

variate) vital sign distributions at the 25th week of gestation. For each pair of vital signs

we present the 98th centile1, which is an ellipse that encomposes the same proportion of

the population as the red cut-offs calculated for C-ObsEWS from the univariate models

(the 1st and 99th centiles, see Section 6.2.1). For comparison between multivariate and

univariate distributions, in Figure 7.1 we also include the corresponding 1st and 99th

univariate centiles.

Correlated vital sign pairs are those where the axes of the bivariate ellipse are rotated

beyond 0o and 90o. The most highly correlated pair of vital signs are unsurprisingly

SBP and DBP (ρ = 0.50 at 25 weeks gestation, as in Figure 7.1). DBP and HR are

also positively correlated (ρ = 0.21 at 25 weeks of gestation). There is little correlation

between the other vital sign pairs. Temp and RR are the only pair with negative

correlation (i.e. a high RR is correlated with a low Temp).

1For a bivariate Gaussian, the proportion of the variance that corresponds to a centile follows the
χ2-distribution with 2 degrees of freedom. The 98th centile has a χ2 value of 7.82.
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Figure 7.1: Relationships between each pair of vital signs, where ρ is the correlation coefficient. Shown are all vital sign sets (grey dots), the 98th centile
(red) from the multivariate model, and the C-ObsEWS red cut-offs (dashed lines) derived from the univariate vital sign models developed in Chapter 5.
Centiles are from the 25th week of gestation.



Chapter 7 - Multivariate systems 188

The correlations reported in Figure 7.1 are a snapshot of one time point in the

antenatal period. The multivariate multilevel model also gives us information about

how the correlation between two variables changes over time. For most vital sign pairs,

correlation varies by less than 0.05 during the antenatal period. The correlation between

SBP and DBP varies the most from a maximum coefficient of 0.57 at 10 weeks of

gestation to a minimum of 0.50 at 26 weeks of gestation.

7.4 A continuous measure of abnormality

The EWS systems discussed in this thesis have all used a discrete measure to describe ab-

normal physiology. Whole numbers are assigned to regions of abnormality and summed

to produce a discrete aggregate score. In this section we quanitfy the departure of a

set of vital sign measurements from the mean using a continuous novelty score, z, to

illustrate the differences between a discrete and continuous score.

The likelihood of a set of measurements, yij, is calculated from the Gaussian distri-

bution of the population model at time xij, described by:

p(yij|θ) ∼ N (Xijβ, ZDZT + σ2) (7.10)

We define the z-score as the natural logarithm of the normalised likelihood, so that the

minimum z-score is 0 at any time point (ln(1) = 0). Let pmax be the maximum possible

value of p at gestational age xij. The z-score is therefore described by:

zij = ln

(
pmax

p(yij|θ)

)
(7.11)

A low z-score indicates a “normal” vital sign set (high likelihood), and a high z-score

indicates an abnormal vital sign set (low likelihood). For example, at 25 weeks gestation,

the set of vital signs { SBP/DBP = 114/70 mmHg, HR = 90 bpm, Temp = 36.5 oC, and
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RR = 15.7 rpm} gives a z-score of 0 because this set is the mean of the 5-D Gaussian

distribution at this time point. If SBP is increased by 15 mmHg to 129 mmHg and the

rest of the vital signs kept the same, the z-score is 1.3. If SBP is increased a further

15 mmHg, the z-score rises to 5.2. In addition to the SBP changes, if HR is decreased

to 60 bpm (30 bpm decrease), the z-score will be 9.1. The z-score is always a positive

number, which does not distinguish between an abnormally high and an abnormally low

vital sign value.

The z-scores of the 3,658 antenatal vital sign sets from the 4P study are shown in

Figure 7.2. The median z-score is 1.9 with the majority of the scores below 5.0 (92.9%).

A z-score above 15 is unusual, occurring for just 7 vital sign sets (0.2%). Two high

scores were due to a high RR (40 rpm), another two were due to abnormal temperature

values, and the remaining three had abnormally high SBP (>160 mmHg).

The z-score does not weight all vital signs equally. The multivariate multilevel model

learned parameters that described expected vital sign combinations. Table 7.2 compares

the scores assigned to each vital sign when the value is at the equivalent univariate 90th,
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Figure 7.2: Z-score of each antenatal vital sign set from the 4P study (left) and the density
of scores assigned (right).
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95th, and 99th centile (the yellow, orange, and red cut-off values for the C-ObsEWS

system). Deviations in SBP and DBP carry the most weight for the z-score, and RR

the least weight.

Centile 90th 95th 99th

C-ObsEWS score 1 2 3

z-scores

SBP 1.1 1.9 3.7

DBP 1.2 1.9 3.8

HR 0.9 1.6 3.1

Temp 0.9 1.5 3.1

RR 0.8 1.4 2.8

Table 7.2: z-score from the multivariate model when each vital sign in turn is deviated from
the mean by the corresponding 90th, 95th and 99th univariate centiles (all other vital signs are
at the mean value).

The z-score is similar to the aggregate C-ObsEWS score developed in Chapter 6 in

that both scores are a measure of the degree of physiological abnormality. For both scores

a higher number indicates a higher degree of physiological abnormality. We compare

the z-score and C-ObsEWS scoring system in Figure 7.3 by computing the respective

scores for the 4P antenatal vital sign sets (n = 3, 658). As the assigned C-ObsEWS

score increases, the median z-score also increases, as expected. However, the values

assigned (irrespective of scale) do not always agree. The z-score from the multivariate

model incorporates information about vital sign correlation, however since there is little

correlation between vital sign pairs except for SBP and DBP (as shown in the previous

section), we hypothesise that the difference observed between the z-score and C-ObsEWS

score is primarily due to the quantised nature of the C-ObsEWS system, particularly

evident for measurements in the extremes of physiology.

As previously mentioned, the C-ObsEWS score assigns whole numbers to regions of

abnormality for each vital sign, from 0 (normal, white region) to 3 (most abnormal, red

region). Two vital signs in the red region will therefore produce an aggregate C-ObsEWS
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Figure 7.3: Z-score of each antenatal vital sign set from the 4P study compared with the
aggregate C-ObsEWS score (developed in Chapter 6) for the same vital sign set. The box-plot
overlaid shows the median (red) and IQR (blue) of z-scores for each C-ObsEWS score.
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score of 6. In contrast, the z-score is a continuous number based on the likelihood of a set

of vital sign readings in a multivariate probability distribution. Consider the bivariate

distribution of DBP and HR shown in Figure 7.4 (at 25 weeks gestation). The left plot

shows the C-ObsEWS aggregate scores assigned to combinations of DBP and HR values,

and the right plot shows the corresponding z-scores. These correlate to the z-score, but

do not reflect the absolute z-score values.

In Figure 7.4, the two white crosses (left plot) and black crosses (right plot) show

two abnormal pairs of {HR, DBP} measurements. The first is at {118 bpm, 90 mmHg}

and falls in the red region (score 3) for both the DBP and HR univariate models, giving

an aggregate score of 6. The second measurement is at {90 bpm, 95 mmHg} which is in

the normal region for HR (score 0), but again the red region for DBP (score 3), giving an

aggregate score of 3. The same two sets of measurement on the multivariate model both

fall in the outer 2% of the population. Assuming all other vital sign measurements are

normal, the z-scores for the two sets of measurements would be 6.2 and 6.4 respectively.

Thus in this example, two sets of abnormal vital sign measurements give different C-

ObsEWS scores yet similar z-scores.

7.5 Discussion

In this chapter we fitted a multivariate multilevel model to antenatal vital sign measure-

ments to explore previously unknown relationships between vital signs during pregnancy.

The model learned the correlation between vital signs and described the 5-D trajectory

of SBP, DBP, HR, Temp and RR during gestation. The most highly correlated pair of

vital signs are SBP and DBP, and some correlation is present between DBP and HR.

The other vital sign pairs have a correlation coefficient less than 0.1. Over the course of

pregnancy there are few changes in vital sign correlation.

We also used the multivariate model to illustrate the difference between a discrete
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and continuous measure of physiological abnormality. The C-ObsEWS system developed

in Chapter 6 assigns each vital sign measurement a value between 0 and 3, then sums the

values from all vital signs to give a discrete aggregate score. In contrast, we quantified

deviation from the mean in the multivariate model in a continuous novelty score, z, in

terms of the likelihood of the underlying probability distribution. The quantisation of

the C-ObsEWS system is most apparent for very abnormal physiological measurements.

We illustrated how sets of vital signs could give different C-ObsEWS scores yet a similar

z-score using the distribution of DBP and HR at 25 weeks gestation. A validation study

would be required to determine whether a continuous description of abnormality would

enable better discrimination between patients who require clinical intervention and those

who do not, than the standard ObsEWS scoring systems currently implemented. One

barrier to the use of a continuous number is the unknown clinical interpretation. Hos-

pital staff are used to calculating and interpreting vital sign measurements using whole

numbers, so a new system would have be introduced gradually.

The main limitation of the multivariate model described in this chapter, is the ex-

clusion of SpO2. SpO2 is one of the six vital signs important for routine monitoring,

and it therefore would be necessary to include it in a model that is used in clinical care

[7]. Other techniques for multivariate data analysis could be considered, such as Parzen

windows, which uses kernel density estimation to determine the probability density func-

tion. This is a non-parametric technique that does not assume a distribution function,

and so would allow the inclusion of SpO2.

In summary, the work presented in this chapter explores two new directions for a

hospital alerting system: the consideration of correlation between vital signs, and the

quantification of physiological abnormality using a continuous variable. These features

would be too complex to implement in paper charts, so would require an electronic

system in which scores were calculated automatically.
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Conclusions and future work

Timely recognition of physiological deterioration can reduce the prevalence and sever-

ity of pregnancy-related complications, however the normal physiological changes in

pregnancy are known to complicate early recognition and yet these changes are not

well documented. The overall aims of the investigations presented in this thesis were

two-fold. Firstly we aimed to develop algorithms to ensure good-quality vital sign data.

Respiratory rate was a particular focus since it is the only vital sign that is not currently

routinely measured on hospital wards using an electronic device. Secondly, we aimed to

establish the pregnancy-associated changes in vital signs (SBP, DBP, HR, Temp, SpO2,

and RR), and use this knowledge to propose an evidence-based hospital alerting sys-

tem specific to the obstetric population. In this chapter we summarise the main results

presented in this thesis and discuss general directions for future work.

8.1 Summary of thesis

The first half of the thesis focused on the collection of good-quality vital sign data dur-

ing all stages of pregnancy. In Chapter 2 we provided the motivation for this work. A

systematic review of studies that reported vital sign measurements during pregnancy

revealed that only BP and HR changes during the antenatal period were well under-

stood. Few studies reported measurements of Temp, SpO2, or RR during pregnancy, or

described changes in the immediate postpartum period for any vital sign. Data from

194
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those studies that reported BP and HR measurements were synthesised using a mul-

tilevel model for aggregate data. Both SBP and DBP dipped in mid-pregnancy, and

HR increased steadily throughout pregnancy. Our investigations were limited due to

the poor-quality of many studies (assessed using the QUADAS-2 criteria [56]) which

contributed to heterogeneity in the dataset. Particular areas of concern were a lack

of accuracy in measurement and reporting of gestational age, and little evidence that

equipment had been calibrated or validated for use in pregnancy.

The limited understanding of pregnancy-associated vital sign changes led to the de-

sign of the 4P (Pregnancy Physiology Pattern Prediction) study, introduced in Chapter

3. The 4P study started in Oxford in August 2012, designed to collect vital sign data

and other demographic information from pregnant women during pregnancy, labour,

and after delivery. This was the first prospective, multi-centre study to collect vital

sign measurements longitudinally through all stages of pregnancy. The 4P digital health

system was designed to aid the collection of good-quality data. Hospital-grade medical

devices were combined with a custom-designed tablet application and website to enable

real-time transmission and review of vital sign data. The 4P system was successfully

used by midwives, and women during the self-monitoring phase. For the investigations

in this thesis, we used 10,000 sets of vital sign measurements collected from the 620

healthy women in the 4P study who had delivered by the 15th July 2016. By the 9th

January 2017, when this thesis was submitted, a total of 14,792 vital sign measurement

sets had been collected from 1,054 women across three hospital sites, of whom 877 had

delivered. Recruitment to the 4P study has now closed, and follow-up measurements

and data cleaning is expected to be completed by July 2017.

To further ensure good-quality vital sign data we developed an SQI for the PPG

waveform (obtained from the pulse oximeter). This used dynamic time warping to

identify poor-quality beats in the PPG. Corresponding poor-quality measurements of
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HR and SpO2 were removed. If less than 30 seconds of good-quality signal remained

after exclusion of poor-quality sections, the whole recording was discarded. Our SQI

strategy excluded the majority of erroneous SpO2 values, most of which were below

90%.

In Chapter 4 we focused on the quality of RR measurements. We used frequency-

domain and time-domain methods to estimate RR from the PPG waveform (pulse oxime-

ter) and accelerometer and gyroscope waveforms (smartphone). Analysis was performed

using 697 sets of recordings collected from system 3 of the 4P study (for which midwives

counted respirations for 60 seconds). RR estimates from the y-axis of the gyroscope

were closest to the reference RR, with a mean absolute error of 1.13 bpm. This error

is low because we only used recordings for which we could validate the reference RR.

While counting respirations, midwives indicated the time of each breath by pressing a

keypad button on the tablet application. If the RR calculated from the mean length

between keypad taps did not agree to within 2 bpm of the RR reported by the midwife,

the recording was not used to evaluate the RR algorithms.

We recommend using the pulse oximeter and/or smartphone for RR measurements

in remote monitoring. To ensure a good-quality RR estimate at the time of measure-

ment, information about signal quality should be included. We assessed the quality of

the derived respiratory waveforms (after filtering and other pre-processing steps) using

autocorrelation. When poor-quality signals were removed, the mean absolute error of

RR estimates decreased. If a recording is of poor quality at the time of remote measure-

ment, a new recording could be requested. During the self-monitoring phase of the 4P

study, women monitored their own vital signs at home, but could not measure their own

RR. The methodology presented in this thesis to derive RR from the pulse oximeter

would allow knowledge of respiratory information for 5,264 PPG waveforms collected

during self-monitoring in the 20 days after delivery.
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The second half of the thesis focused on the creation of an obstetric alerting tool.

In Chapter 5 we applied multilevel models to the 4P vital sign data to understand the

trajectories of each vital sign during pregnancy and in the two weeks after delivery.

Multilevel models are appropriate for longitudinal studies because they use a series

of levels to account for hierarchical structures in the data. We chose the standard

polynomial to describe the shape of vital sign trajectories over time, because of a better

fit to the vital sign data than the fractional polynomial and restricted cubic spline

formulations. We presented reference ranges for SBP, DBP, HR, Temp, SpO2, and RR,

for both the antenatal and postnatal periods. The shape of the trajectories confirmed

the known trends of antenatal BP and HR established in Chapter 2, and gave new

information about other vital sign trends. Of note was the observed increase in SpO2 at

the beginning of pregnancy (97.5% at 10 weeks gestation) and the subsequent decrease

during gestation (96.5% at 40 weeks gestation). Changes in SpO2 during pregnancy have

not previously been reported.

In addition to vital sign changes at the population level, we investigated the vital

sign changes associated with parity and BMI by fitting separate multilevel models to

each group (parity) and including additional covariates in the model (BMI). We showed

that nulliparous women had a slightly higher SBP and DBP than multiparous women

during pregnancy, and a higher HR in the two weeks after delivery. BMI was included

as a continuous variable, and affected the expected BP and HR trajectories during

pregnancy. The difference in expected values of SBP and DBP with BMI was large at

the beginning of pregnancy and then decreased throughout pregnancy. BMI did not have

an effect on HR values in the initial weeks of pregnancy, but a difference in expected

HR values was observed towards the end of gestation.

In Chapter 6 we translated the univariate vital sign trajectories into an obstetric

early warning score (ObsEWS). A review of existing ObsEWS systems highlighted the
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inconsistencies in cut-off values and trigger thresholds, and the lack of evidence-based

approaches to design. We developed the C-ObsEWS system based on recommendations

by Quinn et al. [48]. All six vital signs were included (SBP, DBP, HR, Temp, SpO2, and

RR). Vital sign cut-offs were based on the outer centiles on the population as proposed

by Tarassenko et al. [174] so that the system would alert for patients exhibiting the

extremes of expected physiology [37]. Furthermore, the C-ObsEWS proposed here was

specific to the time of gestation and number of days after delivery. This addresses a key

concern that early warning systems are not relevant for the postnatal period [42].

We recommend the use of an ObsEWS to identify those inpatients with deteriorating

physiology. The C-ObsEWS system proposed in this thesis was developed from 10,000

vital sign measurements from 620 healthy women. We demonstrated the impact of such

an early warning score by examining the case studies of two women who developed sepsis

in the postnatal period. The proposed C-ObsEWS system was more sensitive to vital

sign changes than the Oxford MEOWS chart, particularly for DBP values, which may

have led to different clinical care.

8.2 Future work

At the end of each chapter, we have suggested improvements to the analysis methods

presented. Here, we discuss general ideas for future direction of an ObsEWS.

8.2.1 Validation of an obstetric early warning score

The next step in the design of the C-ObsEWS system, is a validation study. In this thesis

we illustrated the difference between the C-ObsEWS and the Oxford MEOWS with two

example patients who developed sepsis in the postnatal period. However, large-scale

analysis is required to set the trigger threshold for a clinical response, ensure the C-

ObsEWS correctly identifies patients with deteriorating physiology, and to compare the

C-ObsEWS with existing ObsEWS systems.
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In order to perform validation, an important question is: what outcomes should an

ObsEWS alert for? We have suggested admission to ICU or the development of a specific

maternal complication. The recent definition of maternal morbidity presented by the

WHO working group could be considered a good place to start [17]. A validation dataset

is then required. This must contain vital sign measurements from patients on a general

obstetric ward (non-ICU), with a reasonable number of cases of the chosen outcome.

The trigger threshold can be set using an AUROC curve to achieve a balance between

sensitivity and specificity.

The second step in the assessment of the C-ObsEWS system should be a prospective

clinical intervention trial. However, these studies are not practical. They would require

cluster-randomisation, because two different alerting systems cannot be deployed within

the same institution, and therefore a considerable amount of time and money to complete

(for example, the MERIT study included 23 hospitals in Australia yet no difference

in outcome was recorded between the clusters [186]). In addition, a hard outcome

(i.e. death) is required because different hospitals use different decision criteria, for

example the criteria for admission to ICU. An alternative approach could be a stepped-

wedge implementation, as recently demonstrated in the deployment of an electronic EWS

recording system in Oxfordshire [187]. This approach proposes that evaluating roll-outs

by using the effects of the steps (no randomisation) helps to manage the effects of other

changes over time, which is a major draw back of the before-and-after study approach.

As obstetric complications are fortunately rare, a prospective study of any design would

have to span multiple centres over a considerable time-period.

The investigations in this thesis have demonstrated that vital sign changes are present

in both the antenatal and postnatal stages of pregnancy. Currently, pregnant women and

recently pregnant women are monitored using the same ObsEWS system which does not

recognise pregnancy-associated vital sign changes. We designed the C-ObsEWS system
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to change with time. In clinical care this means two early warning scoring systems are

required: one for the antenatal stage of pregnancy (gest-ObsEWS), and a second system

for the postnatal stage of pregnancy (post-ObsEWS).

With respect to the implementation of an ObsEWS in clinical practice, electronic

systems are able to store and calculate algorithms in real-time. An electronic system

for collection of vital sign data would therefore allow the implementation of C-ObsEWS

where cut-off values vary with gestational age or time after delivery. Subject-specific

covariates such as maternal age, BMI or parity could also be included. Furthermore,

electonic systems overcome current obstacles for effective EWS implementation such as

human error in the recording and computing of aggregate scores [188].

8.2.2 Further development of an early warning score

In Chapter 7 of this thesis we introduced a multivariate multilevel model to describe vital

sign changes during pregnancy in multiple dimensions. Further investigation is required

as to how a multivariate model can be used to improve clinical practice. We demon-

strated how a multivariate model captures correlation between vital signs, and how the

abnormality of a set of vital sign measurements could be quantified using a continuous

novelty score. The probability distribution described by this multilevel model assumed

a multivariate Gaussian distribution. An alternative approach to defining a probability

distribution function is to use a non-parametric model, such as Parzen windows. This

model uses a kernel function to describe the density observed in a dataset. It would

allow the inclusion of SpO2, however the aspect of time (i.e. gestational age) would be

lost. Retrospective analysis should be performed to compare univariate multilevel mod-

els, the multivariate multilevel model, and a non-parametric approach such as Parzen

windows.

An electronic system for collection of vital sign data would also be advantageous

for the implementation of a multivariate alerting system. This would readily allow the
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incorporation of non-integer variable weightings, or the calculation of a fully continuous

novelty score.

8.2.3 Monitoring during labour

The investigations in this thesis have focused on the antenatal and postnatal periods of

pregnancy. The next step is the investigation of normal vital sign values during labour

(the intrapartum period). The 4P study has collected vital sign information recorded

on partogram charts, which could be used to examine the common patterns in vital

sign progression during labour. An open question is whether antenatal reference ranges

should inform the expected vital sign values during labour, depending on the woman’s

gestational age at the time of labour. A woman who delivers pre-term would not have

experienced the changes in vital signs expected in the final stages of pregnancy.

8.3 Final remarks

There is a long way to go before a nationally agreed ObsEWS system is validated and

ready for implementation in clinical practice; the investigations presented in this the-

sis are only an initial step. Yet it is intuitive that in-depth knowledge of pregnancy-

associated vital sign changes will enable earlier detection of physiological deterioration,

lead to an improvement in maternal care, and ultimately reduce the prevalence and

severity of serious maternal morbidity and mortality.



Appendix A

Definition of healthy

Under the definition of healthy, normal or low-risk, women with the following conditions

were excluded from the data set used for analysis in this thesis (see Section 3.3.1):

• Known hypertension (defined as SBP > 140 mmHg and DBP > 90 mmHg), ever
requiring treatment

• Known congenital cardiac disease

• Known ischaemic cardiac disease

• Known bronchiectasis

• Known fibrotic lung disease

• Known malignant disease

The following were not reasons for exclusion:

• Obesity

• Smoking

• Diabetes

• Renal disease without hypertension

• High BP at recruitment (defined as SBP > 140 mmHg and DBP > 90 mmHg, and
not previously diagnosed with hypertension)

• Gestational hypertension or pre-eclampsia diagnosed in a previous pregnancy (even
if treated, as long as essential hypertension was not developed)
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Supplementary material: Pulse
oximeter quality

B.1 Peak detection algorithm

The following algorithm was used to determine the extrema in a signal. Extrema are

either peaks (negative turning points) or troughs (positive turning points). As this

algorithm was most commonly applied to the photoplethysmograph (PPG) signal from

the pulse oximeter, particular attention was made to the exclusion of the dicrotic notch.

1. All extrema are identified using the zero-crossing points of the differentiated signal

from a 5pt differentiating filter,

y[n] = 0.3x[n− 2] + 0.7x[n− 1]− 0.7x[n+ 1]− 0.3x[n+ 2]

2. Peaks below a predetermined threshold (peak-threshold), and troughs above the

mean of the signal are discarded.

3. A peak must be followed by a trough and vice versa. If two peaks or two troughs

are consecutive, the extremum furthest from the mean of the signal is kept and

the other discarded.

The peak-threshold was set as mean(PPG)+0.2IQR(PPG), determined empirically

by examination of 26 PPG traces with a prominent dicrotic notch. Figure B.1 illustrates
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Figure B.1: Top: Peaks (orange) and troughs (green) identified in a PPG signal. Bottom:
There is a clear separation between the peaks corresponding to the dicrotic notch, and the peaks
of the overall signal. The peak-threshold eliminates all false peaks.

the relative position of dicrotic notch extrema with respect to the desired peaks of the

overall signal. In this example there is a clear distinction between the two sets of

peaks, so a threshold can cleanly remove the undesired peaks. However, not all signals

are clean and regular. In particular, three types of PPG traces provide challenges for

peak detection. Firstly, signals with a large baseline wander (relative to the height

of the signal) means that some dicrotic notch peaks will be similar to the true peaks

of the signal. We therefore include a threshold for troughs in addition to the peak-

threshold. Combined with the final condition (peaks and troughs must be alternate), this

is successful at dealing with large baseline wander. Secondly, a change in the amplitude

of a signal leads to a shift in the position of the true PPG peaks. Amplitude changes can

occur either suddenly or gradually due to the automatic gain control feedback system

within the pulse oximeter device. We therefore set the threshold as close as possible to

the dicrotic notch. Thirdly, signals with large motion artefacts distort the range and

distribution of the signal. Additionally, no two PPG signals have the same amplitude.
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We therefore set the peak-threshold relative to the amplitude of the signal in question,

and in terms of the interquartile range (IQR) which, unlike standard deviation, is a

measure of variance minimally affected by changes in range.

We have chosen not to include a refractory period (a minimum time between con-

secutive peaks) in this peak detection algorithm, despite it being a popular choice to

eliminate unwanted extrema. A refractory period is dependent on the first extremum

being identified correctly, and does not take into account missed beats or unpredictable

motion artefacts. The peak detection algorithm described here deals with the entire

signal at once, and is appropriate and effective for the signals described in this thesis.

B.2 SQI(Flags)

The SQI(Flags) identifies poor quality sections of the PPG signal using the flags gen-

erated by the Nonin pulse oximeter device. The Nonin flags that indicate poor signal

quality are:

• Artefact (flagged once per beat)

• Sustained artefact (absence of consecutive good pulse signals)

• Sensor error (unusable data; set when no finger is detected)

• Pulse quality:

– Pulse quality = 1: poor quality pulse detected

– Pulse quality = 2: moderate quality pulse detected

Nonin flags are either true or false, except for pulse quality which returns a numeric

range from 0 to 3 where 0 is no pulse and 3 is a good quality pulse. The most obvious

indicator of poor quality is the sensor error flag which indicates that there is no finger

detected. This usually correlates with an invalid reading (where vital sign values returned

by the device are 511 rpm for HR and 127% for SpO2) which were used to identify poor

quality sections in SQI(Invalid).

The following rules were used to create SQI(Flags):
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1. All occasions where a Nonin flag was true were marked as poor quality.

2. As artefacts were typically only flagged once per beat, a buffer (Tpulse) was in-

cluded immediately before and after every artefact flag to label the whole beat as

artefactual. This was set to Tpulse = 1.0 seconds, corresponding to the top 5%

pulse lengths (HR of 60 rpm).

3. If multiple artefacts were flagged within a short time window (Tcons), the whole

time window was labelled as artefactual. This was set empirically to Tcons = 3

seconds, approximately 3 beats.

B.3 SQI(DTW)

The SQI(DTW) is a signal quality index for the PPG that identifies individual beats that

are of poor quality. We presume that all beats in a PPG signal are similar, allowing for

small modulations in height and width due to respiration and HRV. It should therefore

be possible to map all beats onto an ideal template beat using dynamic time warping

(DTW). If an individual beat correlates poorly with the template after DTW, we mark

the beat as poor quality. DTW has been used by Qi and Clifford (2012) [85] to mark

and then predict poor quality beats in a PPG signal. Our SQI(DTW) is based on their

method to mark poor quality beats. We do not incorporate a prediction stage since

we are not interested in implementing an SQI in real-time monitoring. Our algorithm

includes the following four steps:

1: Split PPG signal into beats

The PPG signal was split into individual beats by first identifying the extrema using

the peak detection algorithm described in Appendix B.1. A beat was defined as lasting

from a trough to the next consecutive trough. The beats were normalised such that the

start of the beat (trough) was at 0 and the peak at 1. If no beats were identified, no

further analysis was performed and the entire PPG signal was considered poor-quality.
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2: Create beat template

A beat template, T1, was generated by averaging all beats within the PPG signal. Beats

that had already been identified as poor quality by SQI(Invalid) and SQI(Flags) were

excluded. If there were less than 5 beats available to construct the template, no further

analysis was carried out and the entire PPG was considered poor-quality since DTW

could not be performed.

Template T1 was set to have length L, the median length of all beats. The median

length, rather than the mean, was chosen because beats affected by motion artefact can

often be two or three times the length of a regular beat. In such a case the template

length may exceed the true beat length and thus contain some of the upward stroke of

the next beat. During step 3, when individual beats are fitted to the template using

DTW, low correlations would not allow the beat quality to properly be assessed.

After the construction of T1, all beats were directly correlated with T1 (no DTW

performed). Beats that did not highly correlate (where correlation coefficient < 0.8,

as used by Qi and Clifford) were excluded, and a new template, T2, constructed with

the remaining beats. If more than half the beats were excluded then the threshold was

reset to the median correlation coefficient so that an improved template could still be

constructed. If the median correlation coefficient was less than 0.5, no further analysis

was performed and the whole PPG signal was considered poor-quality since the beats

were not consistent.

An example of beat template construction is shown in Figure B.2.

3: Determine Beat Quality (BQ)

To assess beat quality, each beat was fitted to the new template, T2, using DTW (Ap-

pendix B.4). However, before performing DTW, we first split the PPG beats and tem-

plate T2 into straight line segments using the piecewise linear approximation algorithm

described by Koski and Juhola (1996) [189]. Line segmentation aims to find the best
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Figure B.2: Example of individual beats extracted from a PPG signal. Top: All beats are
averaged to form an initial template, T1. Bottom: Beats with poor correlation to T1 are
excluded and the template reconstructed to form T2.

approximation of the original signal with a continuous broken line. It is one way to ex-

tract important information from raw signals, and considerably speeds up computation

time when using intensive algorithms such as DTW. We chose straight line segmenta-

tion because it was simple, easy to process, and appropriate for signals for which several

consecutive points lie almost within a straight line, such as PPG signals.

To select each line segment, two steps are undertaken. Firstly, the number of points

included in the line segment are increased until the maximum residual distance is above

a predetermined bound. The residual distances are the distances between the individual

points and the straight line between the first and last point in the segment. Secondly,

the segment was cut at the point with maximum residual distance (furthest away from

the straight line) and the second half discarded. The straight line and residual distances

were recalculated for the new segment. The segment is iteratively cut in this way until

the maximum residual distance falls under the predetermined bound once again. We

empirically set the bound at 0.015 units (the amplitude of the beat was previously
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normalised to 1). Figure B.3 shows a single PPG beat before and after line segmentation.

This example is from a 4P Oxford participant at 32 weeks gestation.
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Figure B.3: Illustration of a PPG beat before (top right) and after (bottom right) line seg-
mentation. Straight lines are chosen to reduce the computation time when performing dynamic
time warping (DTW). This example is beat 3 from the PPG signal on the left.

After performing line segmentation of the template T2 and all individual beats,

each beat was fitted to the template T2 using DTW (see Figure B.4). DTW is further

explained in Appendix B.4. Beat Quality (BQ) was defined as the correlation coefficient

of each dynamic-time-warped beat with T2. Negative BQ values were set to zero.

4: SQI(DTW)

For the majority of beats observed, BQ was between 0.97 and 1.00. As we were only

concerned with excluding very poor quality beats, we set the threshold below this range.

Thus, beats with a BQ < 0.96 were considered poor-quality and their SQI(DTW) was

set to 1. If there were less than three beats between consecutive poor quality beats, the

beats between these beats were also marked for exclusion. This is similar to Tcons in

SQI(Flags) (Appendix B.2).
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Figure B.4: The current beat (grey) is fitted to the template (green) using DTW to give a
new beat (black). DTW warps the time scale so that the difference between slope segments is
minimised. No adjustment is made to the signal amplitude. The BQ of this example is 0.997
which is considered good quality.

B.4 Dynamic Time Warping (DTW)

Dynamic time warping (DTW) finds an optimal alignment between two time-dependent

sequences by warping (reducing or enlarging) time intervals. DTW therefore allows a

measure of similarity between sequences that may vary in time or speed. In the signal

quality index for PPG signals, SQI(DTW), individual PPG beats (trough to consecutive

trough) are compared to a template using DTW. If the dynamic-time-warped beat highly

correlates with the template the beat is considered good quality, else it is marked as poor

quality. Here we explain DTW, adapted from Li and Clifford [85].

Consider two time series T and B, of lengths n and m respectively, such that

T = t1, t2, , ti, , tn (B.1)

B = b1, b2, , bj, , bm (B.2)

To align the two sequences using DTW, an n ×m distance matrix (D) is constructed

where the (ith, jth) element of the matrix contains the distance d(ti, bj) between the two

points ti and bj.

For our SQI(DTW) application, let T be the template and B an individual PPG beat.
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Given we split the time series T and B into line segments as described in section B.3,

we define the distance between each short line pair (d (ti, bj)) as the absolute difference

between the slopes of each short line.

The aim of DTW is to find an optimal path from (1, 1) to (n,m) by minimising the

cumulative distance of the path. We construct a cumulative matrix (C) which contains

the sum of all previous distances. For line i and j, the cumulative distance ci,j is defined

by:

ci,j =


ci−1,j + d(ti, bj)l(ti)

ci−1,j−1 + d(ti, bj)(l(ti) + l(bj))

ci,j−1 + d(ti, bj)l(ti)

(B.3)

where l(ti) and l(bj) are the durations of lines ti and bj in the time series, respectively.

The optimum warping path is the path through the matrix, from c(1, 1) to c(n,m)

that has the minimum cumulative distance. An example cumulative matrix and optimum

warping path are shown in Figure B.5.
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Figure B.5: DTW process.
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Supplementary material: Multilevel
models

This supplement provides additional information about multilevel models in the con-

text of Bayes rule and numerical sampling, and specific information about how inference

was performed for the multilevel models implemented in Chapter 5 and Chapter 7.

Multilevel models arise from the need to accurately model nested and clustered data

structures. Cases where multiple observations are contributed from a single participant,

such as in a longitudinal study, are examples of a nested data structure. In these cases,

the standard assumption of independence is likely to be violated because of dependence

among observations from the same participant. Multilevel models extend conventional

linear regression to handle such dependence.

The multilevel models we consider in Chapter 5 are linear in their parameters, that is

the relationship between the parameters, β, and covariate matrix, Xi, is linear. Linear

multilevel models are also referred to as linear mixed-effects models, random coefficients

models, random parameter models, and nested models. We choose to use the term mul-

tilevel model because it emphasises the hierarchical structure and avoids the ambiguous

terms fixed effects, random effects, and mixed effects.

212



Appendix C - Supplementary material: Multilevel models 213

C.1 Bayes rule and prior distributions

Bayesian models incorporate prior information about parameters using Bayes rule, as

stated in Equation C.1. Here, y is the data and θ is a general term for unknown

parameters that will be learned from the data.

p(θ|y) =
p(y|θ)p(θ)
p(y)

(C.1)

Bayes rule is often said as “the posterior is proportional to the likelihood, multiplied

by the prior”. This statement eliminates the normalising factor, p(y), which is not

necessary to compute during inference. The likelihood, p(y|θ), describes the distribution

of the data; the prior, p(θ), incorporates prior knowledge about the distribution of the

parameters.

A hierarchical model, such as the multilevel model described in Chapter 5, includes

another layer of parameters that are also estimated from the data. Hyperparameters,

φ, describe the distribution of parameters, θ. The inclusion of hyperparameters adds a

second level to Bayes rule that describes the posterior distribution of the hyperparam-

eters, after integration over the parameters. The two levels are described by Equations

C.2 and C.3. A Bayesian model can have any number of levels.

p(θ|y, φ) =
p(y|θ, φ)p(θ|φ)

p(y|φ)
(C.2)

p(φ|y) =
p(y|φ)p(φ)

p(y)
(C.3)

Prior distributions were assigned to all second-level parameters. The population

parameters, β, were assigned a prior Gaussian distribution centred on zero; the within-

subject variance, σ, was assigned a prior Gamma distribution. The between-subject

covariance matrix D was decomposed into a vector of coefficient scales, σb, and a corre-
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lation matrix, Ω, such that:

D = σbI Ω σbI (C.4)

A uniform distribution was assigned as a non-informative prior for the coefficient scales,

σb. An “LKJ” correlation distribution was chosen as a prior for the Ω correlation matrix,

as recommended by the designers of the Stan programming language (Carpenter et al.

[190], see Appendix C.3). The LKJ distribution is described by Equation C.5, where

the shape parameter, η, describes the height of the diagonal elements of Ω compared to

the off-diagonal elements.

LKJ(Ω|η) ∝ |Ω|η−1 (C.5)

C.2 Inference using sampling methods

Numerical integration by simulation (“sampling”) is one way to summarise parameters

in a probabilistic model when no exact analytical solution exists. The goal of sampling

is to obtain a set of independent draws from the posterior distribution, p(θ|y), with

enough draws, S, so that the quantities of interest, parameters θ, can be estimated with

reasonable accuracy. Here we briefly discuss the principle of Markov chain simulation

(also called Markov Chain Monte Carlo, or MCMC), a general method based on drawing

values of θ from approximate distributions and then correcting those draws to better

approximate the target posterior distribution p(θ|y). For more information on numerical

integration by simulation, we recommend Chapters 10-13 of Gelman et al. [161], and

Chapter 11 of Bishop [191].

MCMC sampling is performed sequentially by constructing a series of Markov chains1.

Each chain sequence is produced by starting at some point θ0 and for each iteration s,

drawing θs from a transition distribution Ts(θ
s|θs−1) that depends on the previous draw

1As defined in probability theory, a first-order Markov chain is a sequence of random variables for
which for any t, the distribution of θt given all previous θ’s depends only on the most recent value, θt−1.
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θs−1. The new draw, θs, is rejected or accepted depending on its effect on the poste-

rior density. For models in this thesis, sampling is performed using the Stan software

described in Appendix C.3.

Once simulation is complete, parameters can be summarised from the Markov chain

draws of the posterior distribution. Let θs be a draw of parameter θ from the posterior

distribution p(θ|y) where s = 1, ..., S is the iteration number. The estimated mean

parameter value, θ̂, is calculated by Equation C.6. This is sometimes called the Empirical

Bayes solution.

θ̂ = E(θ|y) =
1

S

S∑
s=1

θs (C.6)

Predictive inference is performed using all the draws from the posterior. For inputs

Xi and Zi the predicted outcome value, ŷij, is described by Equation C.7.

ŷi = E(ŷi|β,bi,D) =
1

S

S∑
s=1

Xiβ
s + Zib

s
i (C.7)

Given a new data set, X̃ and Z̃, the posterior predictive distribution is found by

integrating over the parameters, or summing over the sampled parameters. For example,

at the population level of the multilevel model, the posterior predictive solution for ỹ is

described by Equation C.8. Here, θ is a general term for all the model parameters.

p(ỹ|y, θ) =

∫
p(ỹ|y, θ)p(θ|y,β)dθ

=
1

S

S∑
s=1

p(ỹ|y, θs) (C.8)

The predicted population mean and variance are therefore described by Equations C.9
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and C.10 respectively.

ỹ = E(ỹ|y,β,D, σ) =
1

S

S∑
s=1

X̃βs (C.9)

Var(ỹ) = Var(ỹ|y,β,D, σ) =
1

S

S∑
s=1

Z̃DsZ̃T + (σs)2 (C.10)

Similarly, the modelled trajectory for the ith participant, ỹi, is estimated from the pos-

terior predictive distribution at the subject-level of the multilevel model. Equation C.11

describes the mean trajectory for subject i. The variance for all subject-specific trajec-

tories is described by the within-subject variance, σ2.

ỹi = E(ỹi|y,β,bi) =
1

S

S∑
s=1

(X̃iβ
s + Z̃ib

s
i ) (C.11)

The likelihood of each subject-specific parameter, bi, can be found using the posterior

probability density distribution, p(b|D), described in Equation C.12.

p(bi|D) =
1

S

S∑
s=1

N (bsi |0,Ds) (C.12)

C.3 Stan software

STAN2 is a relatively new modelling language (2014) that can be called from a number

of interfaces such as the Command line (CmdStan), R (RStan), Python (PyStan) or

MATLAB (MatlabStan). Stan was originally developed to apply full Bayesian infer-

ence to multilevel generalised linear models, when the insufficiency of other Bayesian

modelling languages, such as BUGS (Bayesian inference Using Gibbs Sampling) and

JAGS (Just Another Gibbs Sampler), became apparent. Stan automatically compiles

the model in C++ code and solves by Hamiltonian Monte Carlo sampling, using the

2Sampling Through Adaptive Neighbourhoods (STAN), also named in honour of Stanislaw Ulam,
pioneer of the Monte Carlo sampling method.
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no-U-turn method [190, 192].

Common statistics software such as STATA and SAS, and R packages for multilevel

modelling, use point estimates for parameters using Maximum Likelihood or Restricted

Maximum Likelihood (REML). In addition, these packages allow only limited customi-

sation of covariance structures. In Stan, priors can be defined for all parameters, and

covariance structures are easily customised. Sorensen et al. [193, 194] provide compre-

hensive tutorials on writing multilevel models in Stan.

C.4 Assessing convergence

When numerical simulation methods are used to summarise parameters in a model, it

is important to check the sampling chains have converged to a single distribution. If

convergence has not been achieved, either the model is not appropriate for the data, or

sampling needs to be performed again with more iterations. Parameters in the multilevel

models described in Chapter 5 were estimated using four Markov chains of 2000 samples,

where the first 500 samples were discarded as warm-up iterations (see Section 5.2.5). We

use two measures to check model convergence: Markov chain stationarity and effective

sample size. For more information on monitoring convergence, we recommend Chapter

11 of Gelman et al. [161].

For a time-series to be stationary, its distribution must not change over time. Thus

for a series of sequential Markov chains to be stationary, all the samples within each

chain, and between chains, must be drawn from the same distribution. A traceplot is

an easy way to observe stationarity. Here all the Markov chain samples are plotted

consecutively and they should overlap, as in the example in Figure C.1. However, there

are usually a large number of parameters in a model, each with their own traceplot. We

therefore also use the quantitative R̂ measure to assess stationarity. This scale calculates

the between- and within-chain variance, and declines to 1 as the number of samples in



Appendix C - Supplementary material: Multilevel models 218

0 200 400 600 800 1000 1200 1400 1600 1800 2000

Sample (s)

-2

-1

0

1

2

3

-
0

Warm-up
Chain 1
Chain 2
Chain 3
Chain 4

Density

-2

-1

0

1

2

3

-
0

Figure C.1: An example of how stationarity can be visualised to assess convergence of a
parameter. The traceplot (left) shows the value of each sample from the four Markov chains.
The distributions of these values all overlap indicating convergence (right). This example is
the β0 parameter of antenatal SBP using a standard polynomial, with convergence parameters
R̂ = 1.0 and effective sample size = 6000 (4 chains of 1500 samples once warm-up samples
have been discarded).

each chain tends to infinity. We required R̂ < 1.1 for all parameters to consider a model

converged.

Although a random process, Markov chains are sequential and therefore some corre-

lation is present. Effective sample size is a measure of the equivalent number of inde-

pendent samples in a Markov chain, and indicates the precision around the parameter

estimate. This is calculated by estimating the correlation parameter from the between-

and within-chain variance. The maximum number of independent samples possible is

the total number of samples across all chains, in our case 4× 1500 = 6000. We required

the effective sample size to be less than 80 (the equivalent of twenty independent draws

per chain) for all parameters, to consider a model converged.

C.5 WAIC Information Criterion

When choosing the best model, we want to estimate the predictive model accuracy,

that describes how well a model fits to new data. Cross-validation is a natural solu-

tion to estimating predictive model accuracy, where a part of the training set is held

out for validation, then the sets are rotated and the model re-fit several times. How-
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ever, cross-validation is not suitable for the multilevel models described in Chapter 5,

because it requires repeated model fits which are computationally intensive. Instead

we use WAIC (Watanabe-Akaike or Widely Applicable Information Criterion) to assess

predictive model accuracy [195].

WAIC estimates the expected log predictive density by correcting the observed log

predictive density with a bias term. The bias term penalises for model complexity

(number of parameters), and is estimated by the variance of the log likelihood. The

formula for WAIC is presented in Equation C.13, where yi is the ith datapoint, and θs is

the sth draw of parameter θ from a sampling chain. All measures here are “pointwise”

because integrals are replaced with samples drawn from the posterior distribution. WAIC

is measured on the “deviance” scale, the same as other common information criteria such

as AIC and BIC3. A lower WAIC value indicates a better predictive fit.

WAIC = −2

(
n∑
i=1

log

(
1

S

S∑
s=1

p(yi|θs)

)
−

n∑
i=1

Vars (log p(yi|θs))

)
(C.13)

WAIC closely approximates Bayesian cross-validation and is advantageous when com-

paring different models since it puts models with different parametrisations on a common

scale.

C.6 Multilevel models for aggregate data

The multilevel model described so far in this supplement is for analysis of raw measure-

ments, where the parameters are estimated entirely from the data. For application of the

multilevel model on aggregate data (as in the synthesised dataset from the systematic

review described in Section 2.3.2), we fix the within-group variance parameters to the

variance of the mean that is reported in the study for that group. This weights the

3Akaike’s Information Criterion (AIC) and the Bayesian Information Criterion (BIC) are useful for
the comparison of singular models (where the parameters are non-nested, unlike the multilevel model
for longitudinal data). These information criteria are of a similar form to WAIC, but differ in their
approximation of the bias term.
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contribution of each data point according to it’s variance, σ2
ij, and sample size, wij. The

variance of the mean, SE2 (standard error squared), is described by:

SE2
ij =

σ2
ij

wij
(C.14)

The adapted within-study covariance matrix for group i, Ri, is therefore:

Ri =



SE2
i1

0 SE2
i2

...
...

. . .

0 0 · · · SE2
ini


(C.15)

This formulation of the multilevel model is similar to the model proposed by Ishak et

al. [57]. However, in order to account for differences in sample size we use SE2 instead

of variance σ2. Each data point is therefore weighted by the reciprocal of the associated

variance of the mean so that groups with a larger sample size are more influential.

C.7 Example of multilevel model development

In this section we illustrate the multilevel model development process using Systolic

Blood Pressure (SBP) as an example. We first examine the model building process for

a multilevel model with standard polynomials (model (a) described in Section 5.2.3).

Then we compare the outputs of model (a), model (b), and model (c) for antenatal

and postnatal SBP. Finally, we select the best model for each vital sign using WAIC

information criterion.

C.7.1 Model building

The standard polynomial multilevel models (model (a)) were built using a bottom-up

approach. For each model considered, convergence was checked using the WAIC criteria
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described in Appendix C.4. The population polynomial order (P ) and subject-specific

polynomial order (Q) were decided by assessing model fit by visual inspection of centiles

and the WAIC information criterion, described in Appendix C.5. We started with an

intercept parameter for both the population and subject-specific levels (P = Q = 0),

such that:

yij = β0 + b0i (C.16)

Population-level parameters

Population level parameters β were then added to the model. We varied the population

polynomial order P from 0 (straight line) to 3 (cubic polynomial). At this stage the

model is described by:

yij =
P∑
p=0

βpx
p
ij + b0i

Figure C.2 shows the 3rd, 50th and 97th centiles of these four models fitted to antenatal

SBP. As additional population parameters were added to the model, the curvature of

the mean trajectory increased to align with the mean empirical centiles. The curvature

of the final two models (P = 2 and P = 3) were very similar. The WAIC values for these

models were: 26036, 25908, 25789 and 25959 for P = 0, 1, 2 and 3 respectively. Model

P = 2 was therefore selected as the best fit (lowest WAIC value).

Subject-specific parameters

After the population polynomial order was chosen (P = 2), subject-specific parameters

were added to the model. We varied the subject-specific polynomial order Q from 0

(intercept only) to 2 (quadratic). The model is therefore described by:

yij = β0 + β1xij + β2x
2
ij +

Q∑
q=0

bqix
q
ij
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Figure C.2: Addition of population parameters to a standard polynomial multilevel model of
antenatal SBP. The 50th centile is shown as a solid line, and outer centiles (3rd and 97th) as
dashed lines.
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Figure C.3: Addition of subject-specific parameters to a standard polynomial multilevel model
of antenatal SBP. The 50th centile is shown as a solid line, and outer centiles (3rd and 97th)
as dashed lines. Note that the orange and green trajectories (Q = 1 and Q = 2 respectively)
overlap.
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Figure C.3 shows the 3rd, 50th and 97th centiles of these models fitted to antenatal SBP.

Subject-specific parameters contribute to the variance of the population model, so the

difference between these models is observed in the outer centiles. Note how the change

from Q = 0 to Q = 1 increased the difference between the 3rd and 97th centiles to bring

them in line with the empirical centiles.

Little difference was observed between Q = 1 and Q = 2. Investigation of a few

individual trajectories also suggested that there was not much difference between these

two models (for example, see Figure C.4). The WAIC values were 25789, 25639 and

25624 for Q = 0, 1 and 2 respectively. The difference between the latter two models is

small (15 units) which confirmed that these models fit similarly to the data, as observed

from the visual analysis. We choose the lower order Q = 1 as the final subject-specific

polynomial order.
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Figure C.4: Individual trajectories inferenced from a standard polynomial multilevel model.
Mean trajectories from subject-specific linear and quadratic models are presented (Q = 1 and
Q = 2 respectively). Note these trajectories (orange and green) largely overlap.
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The final multilevel model to describe the antenatal SBP trend therefore has P = 2

and Q = 1, described by:

yij = β0 + β1xij + β2x
2
ij + b0i + b1ixij (C.17)

C.7.2 Model comparison

To compare models (a), (b), and (c), we continue to use the example of SBP.

Antenatal SBP

Figure C.5 shows the fitted antenatal models. The standard polynomial order chosen for

model (a) was quadratic in the population parameters (P = 2) and linear in the subject-
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Figure C.5: Models (a), (b), and (c) applied to antenatal SBP measurements from the 4P
study. The fourth panel (bottom right) shows all models with the 3rd, 50th and 97th empirical
centiles for each week of gestation (there is little difference between the three models, so only
the yellow line from model (c) is visible).
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specific parameters (Q = 1). The fractional polynomial powers selected for model (b)

were p1 = −0.5 and p2 = 3. All three models produce a similar mean trajectory and fit

well to the empirical centiles. The maximum difference in the mean trajectory is 0.73

mmHg between model (b) and (c), at 40 weeks of gestation. This is a small difference

given the resolution of an automatic blood pressure cuff is said to be 5 mmHg [150]. The

WAIC information criterion, which assess model fit, indicates model (c) has the best fit,

although the results are very similar for all three models (WAIC values were 25639,

25636, and 25597 respectively, where a lower number indicates a better fit). Overall,

any of model (a), (b), or (c) would be appropriate to represent the changes in SBP

observed in the antenatal period.

Postnatal SBP

The models fitted to the postnatal data are shown in Figure C.6. Only models (a)

and (b) were considered for postnatal trends. The standard polynomial order chosen

for model (a) was cubic in the population parameters (P = 3) and quadratic in the

subject-specific parameters (Q = 2). The fractional polynomial powers selected for

model (b) were repeated powers, p1 = p2 = 0.5, therefore the second polynomial term

was multiplied by ln(xi). The final equation to describe the fractional polynomial model

for postnatal SBP is:

yij = β0 + β1x
0.5
ij + β2x

0.5
ij log(xij) + bi0 + bi1x

0.5
ij + bi2x

0.5
ij ln(xij) (C.18)

The trajectories for postnatal SBP model (a) and (b) most obviously differs in two

places: between days 0 and 1, and between days 10 and 16 after delivery. In the first

day after delivery, the mean trajectory of the standard polynomial model (a) gives a

gradual increase from 112 to 115.4 mmHg. In contrast, the fractional polynomial (b)

rises sharply from 107.5 to 116.3 mmHg and immediately after delivery the outer centiles
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Figure C.6: Models (a) and (b) applied to postnatal SBP measurements from the 4P study.
The bottom panel shows both model (a) and (b) with the 3rd, 50th and 97th empirical centiles
for each day after delivery.

are widely spread. This is most likely an artefact which would indicate that the fractional

polynomial model has not fitted properly to the data in this range, possibly due to the

small number of SBP measurements recorded on day 0 (n = 57) compared to days 1-15

(minimum of n = 241 measurements).

Secondly, after day 10, the mean trajectory from model (a) flattens and then curves

upwards from a local minimum of 115.5 mmHg at 14 days after delivery; whereas the

mean trajectory of model (b) continues in a downward trend, dropping approximately

0.7 mmHg per day. The empirical centiles suggest that SBP flattens out, similar to the

trajectory of model (a), although it is difficult to determine which is more appropriate

without knowing what happens after day 15. The WAIC information criterion indicates

model (a) fits to the data marginally better than model (b) (WAIC values were 41135
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and 41210 respectively).

Sensitivity analysis for postnatal SBP

To further investigate why there is a difference between the mean trajectories of models

(a) and (b) for postnatal SBP, we perform a sensitivity analysis. We remove the data

from day 0 that may be causing an artefact in the model fit, and re-fit model (a) and

(b) to the new data set. Figure C.7 shows the comparison between the models fitted to

the original data set, and the models fitted to the data with day 0 data removed. The

models fit similarly to the two sets of data. The maximum difference between the mean

trajectory of model (a) is 1.2 mmHg at day 0, and for model (b) a maximum difference

of 1.4 mmHg at day 0. This indicates that the artefact observed in the fractional

polynomial model (b) is not due to artefactual data and indicates that this model is not

appropriate to represent the data.
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Figure C.7: Sensitivity analysis for model (a) (left) and model (b) (right) postnatal SBP
where the data from day zero has been removed. The dashed lines show the 3rd, 50th and 97th
empirical centiles for each day after delivery. Only the trajectory from day 0 to 6 is displayed,
as the model fit for days 6 to 16 is the same for both models, as in Figure C.6.
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C.7.3 Model selection

The model orders chosen for model (a), fractional polynomial powers for model (b), and

the WAIC scores for all models, are presented in Table C.1.

(a) Standard polynomial (b) Fractional polynomials (c) Cubic splines

P Q WAICa p1 p2 WAICb WAICc

Antenatal

SBP 2 1 25639 -0.5 3 25636 25597

DBP 2 1 23212 0.5 2 23213 23182

HR 2 2 23909 3 3 23889 -

Temp 1 1 3697 -0.5 - 3686 3630

SpO2 1 1 11762 1 - 11759 11742

RR 1 1 18151 1 - 18149 18150

Postnatal

SBP 3 2 41135 0.5 0.5 41210 -

DBP 3 2 37812 0.5 0.5 37910 -

HR 3 2 39960 -1 -1 40210 -

Temp 1 1 6323 1 - 6319 -

SpO2 1 1 17902 0.5 0.5 17805 -

RR 1 1 4243 1 - 4224 -

Table C.1: Information about models (a) to (c) fitted to univariate (each vital sign inde-
pendently) antenatal and postnatal data collected in the 4P study. For model (a), the selected
polynomial model orders for the population level (P ) and subject-specific level (Q) are presented
(see Equation 5.5). For model (b), the selected fractional powers (p1 and p2) are presented (see
Equation 5.6). WAIC is an assessment of model fit where a lower WAIC value indicates a
better fit (Appendix C.5).

Models (a) and (b) were fitted to 4P antenatal and postnatal measurements of each

vital sign individually (SBP, DBP, HR, Temp, SpO2 and RR). Model (c) was fitted to

antenatal measurements only. It should be noted that the standard polynomial orders

(model (a)) chosen for antenatal SBP and DBP were the same as in previous studies

[124, 71, 145].

For the antenatal trends, the cubic spline model (c) fitted the SBP and DBP data

slightly better than models (a) or (b), however did it not converge for HR. For SpO2

and RR, the fractional polynomial powers chosen for model (b) were the same as the
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Figure C.8: Models (a) and (b) applied to postnatal SpO2 measurements from the 4P study.
The 3rd, 50th and 97th centiles are shown (solid and dashed lines), along with empirical centiles
(round circles) for each day after delivery.

polynomial orders for model (a), and thus the same model was fitted. Overall, models

(a) and (b) had very similar fits to the antenatal data.

For the postnatal data, model (a) fitted better than model (b) for SBP, DBP and

HR. As discussed in the previous section, for postnatal SBP, the fractional polynomial

model (b) appeared to produce an artefact between day 0 and 1. A similar artefact

was present for DBP and HR which means model (b) is not appropriate to describe the

trajectories of these vital signs. For SpO2, again there was a difference between model

(a) and (b) between day 0 and 1, however the WAIC information criterion indicated

model (b) had the better fit. The trajectories for SpO2 are shown in Figure C.8. Here

the mean trajectory of the standard polynomial model (a) was approximately constant

at 96.2% (P = 1, linear polynomial slope coefficient β1 < 0.0001), whereas the fractional

polynomial model (b) started 1% lower at 95.2% and curved upwards to meet model

(a) at day 3 after delivery. The rest of the trajectory remained the same. As with the

SBP example discussed in the previous section (C.7.2), it is difficult to know whether

this represents the true physiological state since there is few data in the 24 hours after

delivery. For postnatal Temp and RR, the fractional polynomial powers chosen for model
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(b) were the same as the polynomial orders for model (a), and thus the same model was

fitted. Overall, model (a) performed better than model (b) for the postnatal data, except

for SpO2 where model (b) gave a better fit.

We selected the standard polynomial model (a) for final analyses. This model per-

formed better than the fractional polynomial model (b) on the postnatal data. Although

the cubic spline model (c) performed better than both model (a) and (b) for antenatal

SBP and DBP data, model fit was similar from all models and we did not pursue model

(c) for the remaining vital signs or the postnatal period.

C.8 Equations for final univariate vital sign trends

The equations to describe the standard polynomial multilevel model for each vital sign

are presented in tables C.2 (antenatal models) and C.3 (postnatal models). We present

the estimated mean of the variance parameters, σ̂2 and D̂ (Equation C.6), and the

predicted population mean and variance, ỹ and Var(ỹ) (Equations C.9 and C.10). Note

that for antenatal models, time is measured in weeks of gestation starting at 10 weeks,

t̃ = x̃− 10.
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Systolic blood pressure (mmHg),

σ̂2 = 53.29, D̂ = {86.00,−1.20;−1.20, 0.08}

ỹ = β0 + β1t̃ + β2t̃
2 = 116.18− 0.44t̃ + 0.02t̃2

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 86− 2× 1.2t̃ + 0.08t̃2 + 53.29

Diastolic blood pressure (mmHg),

σ̂2 = 27.04, D̂ = {45.00,−0.40;−0.40, 0.03}

ỹ = β0 + β1t̃ + β2t̃
2 = 71.77− 0.45t̃ + 0.02t̃2

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 45− 2× 0.4t̃ + 0.03t̃2 + 27.04

Heart rate (bpm),

σ̂2 = 74.61, D̂ = {70.00, 0.08,−0.007; 0.08, 0.13,−0.005;−0.007,−0.005, < 0.001}

ỹ = β0 + β1t̃ + β2t̃
2 = 82.20 + 0.71t̃− 0.01t̃2

Var(ỹ) = [1, t̃, t̃2] D̂ [1, t̃, t̃2]T + σ̂2

= 70− 2× 0.08t̃ + (2×−0.007 + 0.13)t̃2 − 2× 0.005t̃3 + 0.001t̃4 + 74.61

Temperature (oC),

σ̂2 = 0.002, D̂ = {0.10, < 0.001;< 0.001, < 0.001}

ỹ = β0 + β1t̃ = 36.63− 0.009t̃

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 0.1− 2× 0.001t̃ + 0.001t̃2 + 0.002

Oxygen saturation (%),

σ̂2 = 1.44, D̂ = {0.60,−0.003;−0.003, < 0.001}

ỹ = β0 + β1t̃ = 97.58− 0.04t̃

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 86− 2× 1.2t̃ + 0.08t̃2 + 1.44

Respiratory rate (rpm),

σ̂2 = 8.41, D̂ = {10.00,−0.09;−0.09, 0.006}

ỹ = β0 + β1t̃ = 15.64− 0.002t̃

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 10− 2× 0.09t̃ + 0.006t̃2 + 8.41

Table C.2: Equations for vital sign trajectories in the antenatal period. These describe the
antenatal trajectories presented in Figure 5.3 and 5.4. t̃ = x̃ − 10 measured in weeks of
gestation.
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Systolic blood pressure (mmHg),

σ̂2 = 49, D̂ = {120,−14, 0.60;−14, 4.20,−0.21; 0.60,−0.21, 0.01}

ỹ = β0 + β1t̃ + β2t̃
2 + β3t̃

3 = 111.91 + 3.9t̃− 0.51t̃2 + 0.02t̃3

Var(ỹ) = [1, t̃, t̃2] D̂ [1, t̃, t̃2]T + σ̂2

= 120− 2× 14t̃ + (2×−0.60 + 4.20)t̃2 − 2× 0.21t̃3 + 0.01t̃4 + 49

Diastolic blood pressure (mmHg),

σ̂2 = 28, D̂ = {60,−5, 0.18;−5, 1.40,−0.07; 0.18,−0.07, 0.004}

ỹ = β0 + β1t̃ + β2t̃
2 + β3t̃

3 = 71.08 + 3.1t̃− 0.39t̃2 + 0.01t̃3

Var(ỹ) = [1, t̃, t̃2] D̂ [1, t̃, t̃2]T + σ̂2

= 60− 2× 5t̃ + (2×−0.18 + 1.40)t̃2 − 2× 0.07t̃3 + 0.004t̃4 + 28

Heart rate (bpm),

σ̂2 = 57.80, D̂ = {160,−21, 0.89;−21, 6.60,−0.34; 0.89,−0.34, 0.02}

ỹ = β0 + β1t̃ + β2t̃
2 + β3t̃

3 = 88.07 + 3.1t̃− 0.28t̃2 − 0.008t̃3

Var(ỹ) = [1, t̃, t̃2] D̂ [1, t̃, t̃2]T + σ̂2

= 160− 2× 21t̃ + (2× 0.89 + 6.60)t̃2 − 2× 0.34t̃3 + 0.02t̃4 + 57.80

Temperature (oC),

σ̂2 = 0.002, D̂ = {0.16,−0.002;−0.002, < 0.001}

ỹ = β0 + β1t̃ = 36.68− 0.004t̃

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 0.16− 2× 0.002t̃ + 0.001t̃2 + 0.002

Oxygen saturation (%),

σ̂2 = 1.21, D̂ = {0.67,−0.02;−0.02, 0.003}

ỹ = β0 + β1t̃ = 96.15 + 0.001t̃

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 0.67− 2× 0.02t̃ + 0.003t̃2 + 1.21

Respiratory rate (rpm),

σ̂2 = 8.41, D̂ = {10.00,−0.09;−0.09, 0.006}

ỹ = β0 + β1t̃ = 16.34− 0.002t̃

Var(ỹ) = [1, t̃] D̂ [1, t̃]T + σ̂2 = 10− 2× 0.09t̃ + 0.006t̃2 + 8.41

Table C.3: Equations for vital sign trajectories in the postnatal period. These describe the
posntatal trajectories presented in Figure 5.3 and 5.4. t̃ = x̃ measured in days after delivery.
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[118] M. Orini, M. Peláez-Coca, R. Bailón, and E. Gil, “Estimation of spontaneous
respiratory rate from photoplethysmography by cross time-frequency analysis,”
Computing in Cardiology, vol. 38, pp. 661–664, 2011.

[119] L. Nilsson, A. Johansson, and S. Kalman, “Respiration can be monitored by photo-
plethysmography with high sensitivity and specificity regardless of anaesthesia and
ventilatory mode,” Acta Anaesthesiologica Scandinavica, vol. 49, no. 8, pp. 1157–
1162, 2005.

[120] P. A. Leonard, J. G. Douglas, N. R. Grubb, D. Clifton, P. S. Addison, and J. N.
Watson, “A fully automated algorithm for the determination of respiratory rate
from the photoplethysmogram,” Journal of Clinical Monitoring and Computing,
vol. 20, no. 1, pp. 33–36, 2006.

[121] D. Clifton, J. G. Douglas, P. S. Addison, and J. N. Watson, “Measurement of
respiratory rate from the photoplethysmogram in chest clinic patients,” Journal
of Clinical Monitoring and Computing, vol. 21, no. 1, pp. 55–61, 2007.

[122] K. V. Madhav, M. R. Ram, E. H. Krishna, N. R. Komalla, and K. A. Reddy, “Ro-
bust extraction of respiratory activity from PPG signals using modified MSPCA,”
IEEE Transactions on Instrumentation and Measurement, vol. 62, no. 5, pp. 1094–
1106, 2013.

[123] T. Zhu, M. A. Pimentel, G. D. Clifford, and D. A. Clifton, “Bayesian fusion of
algorithms for the robust estimation of respiratory rate from the photoplethysmo-
gram,” in 2015 37th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC), pp. 6138–6141, IEEE, 2015.

[124] L. Loerup, Physiological Patterns in Pregnancy. PhD thesis, University of Oxford,
2016.

[125] W. Karlen, H. Gan, M. Chiu, D. Dunsmuir, G. Zhou, G. A. Dumont, and J. M.
Ansermino, “Improving the accuracy and efficiency of respiratory rate measure-
ments in children using mobile devices,” PLoS One, vol. 9, no. 6, p. e99266, 2014.

[126] H. Gan, W. Karlen, D. Dunsmuir, G. Zhou, M. Chiu, G. A. Dumont, and J. M.
Ansermino, “The performance of a mobile phone respiratory rate counter com-
pared to the WHO ARI timer,” Journal of Healthcare Engineering, vol. 6, no. 4,
pp. 691–704, 2015.

[127] J. Shlens, “A tutorial on principal component analysis,” arXiv preprint
arXiv:1404.1100, 2014.

[128] K. Roth, I. Kauppinen, P. A. Esquef, and V. Valimaki, “Frequency warped burg’s
method for ar-modeling,” in Applications of Signal Processing to Audio and Acous-
tics, 2003 IEEE Workshop on., pp. 5–8, IEEE, 2003.



References 242

[129] R. Takalo, H. Hytti, and H. Ihalainen, “Tutorial on univariate autoregressive
spectral analysis,” Journal of Clinical Monitoring and Computing, vol. 19, no. 6,
pp. 401–410, 2005.

[130] A. Guazzi, S. A. Shah, and L. Tarassenko, “Signal processing method and appa-
ratus,” 2016. WO patent 2016092291.

[131] J. M. Bland and D. G. Altman, “Multiple significance tests: the Bonferroni
method,” British Medical Journal, vol. 310, no. 6973, p. 170, 1995.

[132] D. G. Altman and J. M. Bland, “Measurement in medicine: the analysis of method
comparison studies,” The Statistician, pp. 307–317, 1983.

[133] R. A. Cernat, C. Ungureanu, G. M. Ungureanu, R. Aarts, and J. Arends, “Real-
time extraction of the respiratory rate from photoplethysmographic signals using
wearable devices,” in Proceedings of the European Conference on Ambient Intelli-
gence, Eindhoven, Netherlands, pp. 1–17, 2014.

[134] J.-W. Yoon, Y.-S. Noh, Y.-S. Kwon, W.-K. Kim, and H.-R. Yoon, “Improvement of
dynamic respiration monitoring through sensor fusion of accelerometer and gyro-
sensor,” Journal of Electrical Engineering and Technology, vol. 9, no. 1, pp. 334–
343, 2014.

[135] P. MacKinnon and J. Morris, Oxford Textbook of Functional Anatomy, vol. 1.
Oxford Univeristy Press, 2005.

[136] A. T. Papageorghiou, E. O. Ohuma, D. G. Altman, T. Todros, L. C. Ismail,
A. Lambert, Y. A. Jaffer, E. Bertino, M. G. Gravett, M. Purwar, et al., “In-
ternational standards for fetal growth based on serial ultrasound measurements:
the Fetal Growth Longitudinal Study of the INTERGROWTH-21st project,” The
Lancet, vol. 384, no. 9946, pp. 869–879, 2014.

[137] L. Salomon, C. Diaz-Garcia, J. Bernard, and Y. Ville, “Reference range for cervical
length throughout pregnancy: non-parametric LMS-based model applied to a large
sample,” Ultrasound in Obstetrics & Gynecology, vol. 33, no. 4, pp. 459–464, 2009.

[138] S. Y. Chu, W. M. Callaghan, S. Y. Kim, C. H. Schmid, J. Lau, L. J. England, and
P. M. Dietz, “Maternal obesity and risk of gestational diabetes mellitus,” Diabetes
care, vol. 30, no. 8, pp. 2070–2076, 2007.

[139] A. Gelman and J. Hill, Data analysis using regression and multilevel/hierarchical
models. Cambridge University Press, 2007.

[140] C. E. Rasmussen and C. K. I. Williams, Gaussian Processes for Machine Learning.
The MIT Press, 2006.

[141] S. Fleming, M. Thompson, R. Stevens, C. Heneghan, A. Plüddemann, I. Ma-
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