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Abstract

Objectives Preterm birth (PTB) is the second leading cause of premature child deaths under 5
years old worldwide and is associated with a series of lifetime disease and disability and
substantial long-term healthcare costs. Prediction and prevention of PTB remains limited by
the recognition of PTB causes and the modest accuracy of current prediction approaches. This
work was based on the Electrical Impedance Prediction of Preterm birth by spectroscopy of the
cervix (ECCLIPPx™) project and the Electrical Impedance Prediction of Preterm Birth by
Spectroscopy of the cervix 11 (ECCLIPPx I1) project, which proposed the novel PTB prediction
approaches using cervical electrical impedance spectroscopy (EIS) and cervical magnetic
impedance spectroscopy (MIS) data. The aim was to apply machine learning and cervical
impedance analysis to preterm birth prediction. The objectives include (1) pre-process EIS data
and carry out the EIS based PTB prediction, (2) improve the PTB prediction accuracy by
combining EIS-based and maternal characteristics-based PTB risk models and (3) carry out a
feasibility study on the MIS-based PTB risk prediction.

Methods For the study of EIS data based PTB prediction, the EIS data from 438 recruited
women at 19 to 23 weeks of gestation were investigated. A principle of identifying the optimum
EIS spectrum among several recorded EIS spectra for each patient was proposed preparing for
training the optimal-EIS spectrum filter model. Then the association of the EIS data with the
PTB risk was determined by training the logistic regression (LR) model using a series of data
modelling and analysis techniques. Moreover, a models-combining approach of combining two
probabilities given by EIS-based PTB risk prediction model and a maternal characteristics-
based PTB risk prediction model, was proposed to improve accuracy of prediction. For the
study on MIS data based PTB prediction, the MIS data from 84 recruited women at 18 to 35
weeks of gestation were used. Two calibration methods were proposed to pre-process the MIS
data. Then, the support vector machine (SVM) classifier was applied to determine the
association of MIS data with the PTB risk.

Results For the EIS data based PTB prediction, the best EIS-based PTB risk prediction model
performed a testing AUC of 0.85 (95% CI: 0.77 — 0.93, sensitivity: 0.70, specificity: 0.87), and
a training AUC of 0.81 (95% CI: 0.74 — 0.86, sensitivity: 0.85, specificity: 0.68). The best

combined model by an EIS-based PTB risk prediction model and a maternal characteristics-



based PTB risk prediction model had a testing AUC of 0.89 (95% CI: 0.80 — 0.97, sensitivity:
0.60, specificity: 0.90), and a training AUC of 0.82 (95% CI: 0.76 — 0.89, sensitivity: 0.67,
specificity: 0.85). For the MIS data based PTB prediction, two proposed calibration methods
succeeded in MIS data pre-processing, and outperformed the recommended calibration method
on building MI1S-based PTB risk prediction models. The training AUCs of MIS-based PTB risk
prediction models in this work ranged from 0.72 to 0.97, and the testing AUCs ranged from
0.29t0 0.78.

Conclusions The idea of building optimal-EIS spectrum filter model helped process the
heterogeneous EIS records. After that, the EIS-based PTB risk prediction model and the
combined model by an EIS-based PTB risk prediction model and a maternal characteristics-
based PTB risk prediction model had excellent predicting abilities for both high-risk and low-
risk women, within one to 23 weeks. The proposed MIS data calibration methods can reduce
the MIS device’s effects on MIS data, by removing components unrelated to cervix. MIS-based
PTB risk prediction models had good training performances, so that MIS-based PTB risk

prediction is worth a further study.
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Table 5.7: The best training and testing performances of CL/fFN-based PTB risk prediction
model. Sensitivity and specificity were obtained using the optimal operating point by
maximizing Youden’s index on training set (optimal operating point of CL-based LR model =
0.67 and optimal operating point of fFN-based LR model = 0.54), p-values were obtained using
11 TN 1016 (5 0 A (= RSN 85

Table 5.8: The training and testing performances of 100 EIS-based PTB risk prediction models.
Sensitivity and specificity were obtained using the optimal operating point by maximizing
Youden’s index on training set. AUC: area under the receiver operating characteristic curve,
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Table 5.9: Table: The best training and testing performances of an EIS-based PTB risk
prediction model. Sensitivity and specificity were obtained using the optimal operating
point by maximizing Youden’s index on training set (optimal operating point of EIS-based LR

model = 0.13), p-values were obtained using the Student’s t-teSt. .......ccccvvvvivvervecenierieeene 86

Table 5.10: The training and testing performances of 200 combined PTB risk prediction
models (100 co-modells and 100 co-model2s). Sensitivity and specificity were obtained using
the optimal operating point by maximizing Youden’s index on training set. AUC: area under
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Table 5.11: The best training and testing performances of combined PTB risk prediction
models. Sensitivity and specificity were obtained using the optimal operating point by
maximizing Youden’s index on training set (optimal operating point of co-modell = 0.14 and
optimal operating point of co-model2 = 0.18), p-values were obtained using the Student’s t-
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Table 5.12: The training and testing performances of 600 PTB risk prediction models (200
combined PTB prediction models, 100 maternal characteristics-based PTB prediction models,
100 CL/fFN-based PTB prediction models and 100 EIS-based PTB prediction models).
Sensitivity and specificity were obtained using the optimal operating point by maximizing
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Table 5.13: The best training and testing performances of six PTB prediction model.

Sensitivity and specificity were obtained using the optimal operating point by maximizing
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Chapter 1

1. Introduction

1.1 Background

Preterm birth, in general, is defined by the World Health Organization (WHO) as all births at
gestational ages less than 37 completed weeks or fewer than 259 days since the first day of a
woman’s last menstrual period [1]. It is a major cause of newborn death and the second direct
cause of premature child death under the age of five years globally [2, 3]. 5% to 18% of births
in 184 countries are premature, with 12% occurring on average in lower-income countries
compared to 9% in higher-income nations [1]. Recent reports has indicated that global preterm
birth rate for 2010 was 11.1%, equating to 14.9 million preterm newborns in 2010 [3, 4], and
the estimated global preterm birth rate was 10.6% (14.84 million preterm newborns) in 2014
[3, 5]. Of these, at least one million newborns died as the result of premature and 7.6 million

premature children below the age of five years died of PTB complications in 2010 [2].

Preterm birth is the most common cause of mortality, disability, and other issues in neonates.
In addition, premature birth can have a severe impact on the entire lives of preterm kids [3] and
have a significant impact on the lungs and brain [5]. Specifically, preterm neonates are more
likely to develop asthma [6] and have a higher incidence of cerebral palsy, chronic illness, and
learning impairment in adulthood than term newborns. The upshot of these disorders is that
families and countries with preterm children must pay a substantial amount for their acute care,
subsequent healthcare, and education needs [3]. Doctors must establish a preterm labour
diagnosis in order to predict preterm birth and provide effective therapy to patients in light of

the associated harms and consequences of early birth.

Aside from the physical damage on pregnant women and newborns, the PTB also causes the

economic impact on their countries and families. As researchers at the Oxford Centre for Health



Economics announced, PTB cost the UK government an extra 939 million pounds each year,
and the baby charity, Tommy’s, had research showing that the total cost of all PTBs for one
week in hospital is 260 million pounds annually [6]. Although exploring PTB has been a long
history worldwide, as the cause of PTB is of individual and environmental factors, the etiology
of PTB is still unknown [4]. In theory, the PTB can be prevented efficiently if pregnant women
are under the strict medical supervision and care in hospital during their gestation. However,
there is no doubt that this action will cause unnecessary interventions and social and economic

COsts.

1.2 Status and Limitations of existing PTB prediction

The attention on PTB including prediction, prevention and treatment currently has risen
worldwide. Of these, the PTB risk prediction process is most essential, since only an efficient
and accuracy prediction can guarantee a successful follow-up prevention and treatment. The
existing prediction approaches mostly lean on etiology analysis, clinical symptoms and signs
observation, clinical diagnostic tests, cervical length screening, and identification of risk
factors and biomarkers [8]. Of these, the traditional clinical observation and diagnosis are based
on the regular uterine contractions, but the studies have indicated that less than 10% of pregnant

women with premature uterine contraction will give a true labour within seven days [9, 10].

Cervical length (CL) by transvaginal ultrasound is usually measured during 20 to 29 weeks of
gestation and its predicted threshold generally sets 25 mm. The studies on the CL-based models
have indicated that the second-trimester CL is an efficient predictor of PTB risk for higher-risk
women with a multiple pregnancy, and cervical length have potential clinical use to predict
birth within 48 hours and within seven days [14,15,16], however, the use of CL as a predictor
applying in lower-risk pregnant women and predicting a longer-time (duration between test

and delivery) delivery, has not been addressed so far and has been still a challenge [17-22].

Fetal fibronectin (fFN) is one of the biomarkers commonly used in clinical diagnosis of PTB.
Like cervical length, fFN may be helpful with delivery within 21 days, its results reduce when

the duration between test and delivery increases and fFN is most useful for delivery within



seven days [23, 24]. In addition, the fFN is a predictor for specific pregnant women/preterm
births, but it can have little or no benefit to maternal hospitalization [23, 24, 25, 28]. A range
of studies have also provided evidence to show that neither fFN nor cervical length can achieve
the desired bedside demand on high accuracy of prediction of PTB risk [26, 27, 29, 30, 31].

Besides fFN biomarker, phosphorylated insulin-like growth factor binding protein-1
(phIGFBP-1) is another popular biomarker, which is measured in the vagina during 20 to 36
weeks’ gestation [32,35]. Among recent studies, the phlGFBP-1 was pointed to have a low
predictive ability for symptomatic pregnant women [32], similarly, another study also
suggested that the positive phIGFBP-1 results can only contribute to the pregnant women with
uterine contractions while the negative results cannot [33]. Furthermore, a few studies all
confirmed that the phIGFBP-1 to predict a negative PTB result within 48 hours of testing for
symptomatic women had the best performance [34], and the phiIGFBP-1 had a better ability to

predict for symptomatic women with short cervical length and at higher risk [36-39].

Placental alpha macroglobulin-1 (PAMG-1) was regarded as a standard biomarker test for
detection of PTB risk in some institution [42]. In recent studies, all of them indicated that
PAMG-1 can provide good performances on predicting PTB risk, with high specificities and
positive predictive values (PPVs) for spontaneous premature delivery and pregnant women
with a sign of PTB within seven days and 14 days of testing [39-44]. However, PAMG-1, like
phlGFBP-1, is limited to the subgroup of PTB such as symptomatic women, since both PAMG-
1 and phlGFBP-1 can generally be detected during uterine contraction or inflammation.
Additionally, although cytokines typically including interleukin-6 (IL-6), interleukin-8 (IL-8),
interleukin-10 (IL-10) and tumor necrosis factor alpha (TNF-a), were considered as potential
PTB predictors in recent studies [45-53], the conclusions were not consistent and the

association with PTB was equivocal so far [52, 53].

Apart from the above risk factors/biomarkers, cervical electrohysterography (EHG) is a
relatively recent non-invasive measurement method that provides information on uterine
contractions during pregnancy and labour by measuring the electrical activity responsible for
the mechanical response [67, 68, 70, 71, 74]. Because signal amplitude is low, particularly
during the early stages of pregnancy, and recordings may be corrupted by movement artefacts
and contractions [66, 72]. These unwanted components can lead to erroneous interpretations of
results [66, 72, 73]. As a result, obtaining high-quality surface signals is one of the most

challenging aspects of the application of cervical EHG [66, 71, 78], and preprocessing and



presegmentation of the information are frequently required prior to analysis. In clinical
diagnosis, cervical EHG recordings cannot be employed because of the complexity of the
technology, the lack of a physical interpretation, and the modest performance on clinical

information.

Recent years have seen a rise in the development of machine learning methods for predicting
PTB risk. For example, a logistic regression model [20, 31] trained on the CL and fFN features
achieved an area under Receiver Operating Characteristic Curve (AUC) of 0.67 (95% CI: 0.64-
0.70). This method outperformed both traditional methods of predicting PTB risk using CL and
fFN alone, with an average AUC of 0.59. According to [100], a demographic and obstetric
features-based training set was created with feature selection method of linear correlation, and
a variety of models were then trained using the reduced training set to estimate the probability
of PTB, where AUCs ranged from 0.64 to 0.67 for the models. The QUantitative Innovation in
Predicting Preterm birth (QUIPP) app is a predictive method for PTB based on CL, fFN, and
other clinical risk variables [113, 114]. An AUC of 0.78 was attained by using the QUIPP app
to predict PTB risk in 263 asymptomatic high-risk women in [115]. A logistic regression model
with an AUC of 0.83 was then developed using the EIS and QUIPP app estimates of these
women. Linear correlation was used to minimise the dimensionality of the training set, which
included demographic and obstetric characteristics. The dimensionally reduced training set was
used to train prediction models for PTB risk prediction using logistic regression, gradient
boosting trees, neural networks, and ensemble approaches [116]. In [117], a validation set of
women's demographic and obstetric history features was used to test five prediction models,
and their AUCs ranged from 0.54 to 0.67 for the models.

Additionally, electronic health records (EHRS) including maternal demographic characteristics
and clinical records of women, were fed into recent neural networks [63, 101] to predict
extreme PTB risk (before 28 weeks of pregnancy). Although, it was found that the networks
had an AUC of 0.83, this is not a cost-effective solution since it needed a big recruitment and
a long-term data collection. From reviewing the current studies, the present approaches to
predicting PTB risk are not able to achieve the desired accuracy, and collecting such vast

amounts of EHR data is too expensive, as a result, it is not a sensible strategy.



1.3

Challenges of Predicting PTB

Predicting preterm birth is a complex and challenging task due to several factors. Here are some

of the challenges involved:

1.

1.4

Multiple causes: Preterm birth can be caused by several factors, including infections,
genetic factors, lifestyle choices, and medical conditions. Identifying the specific cause
of PTB can be difficult, and predicting the probability of PTB in individual cases

requires consideration of multiple factors.

Variability in timing: PTB can occur at any time between 20 and 37 weeks of gestation.
However, most PTBs occur between 32 and 37 weeks. Predicting the exact timing of
PTB is challenging, and many studies on predicting PTB focused on prediction within
21 days.

Lack of reliable factors/biomarkers: Despite extensive research, there are no reliable
factors/biomarkers that can accurately predict PTB. Several potential
factors/biomarkers have been identified, including cervical length, fetal fibronectin, and
biomarkers of inflammation, but none are accurate enough to be used routinely in

clinical practice.

Data heterogeneity: The quality of PTB data from measurements or tests is modest. For
example, one woman would have several measurements or tests at the same visit,
however, the results of these measurements or tests would be different. The different

results can lead different performances on training PTB prediction models.

Weak generalizability of models: Most of existing PTB prediction models focused on

specific populations, in terms of age range, race, PTB risk level and so on.

Aims and Objectives

Many existing studies have shown that identification of a single risk factor/biomarker to predict

PTB risk has not been evolved so far, and the discovery of novel risk factors/biomarkers related

with PTB risk, and the use of multiple predictors were strongly advised [8, 11, 12]. The



development of multivariate prediction models based on large-scale-data-analysis techniques

to improve diagnostic efficiency and prediction accuracy, was also advised in current studies.

The project of ECCLIPPx™ is a novel investigation into the prediction of preterm birth located
in Sheffield. Its aim was to determine if the potential Electrical Impedance Spectroscopy test
could accurately identify women of preterm birth in order to give them treatments to prolong
pregnancy. After that, with the National Institute for Health Research (NIHR) funding, the
investigators have also proposed a feasibility study of ECCLIPPx Il on a potential approach of
Magnetic Impedance Spectroscopy to increase the accuracy of EIS and decrease potential

sources of error.

Based on these hypothesises proposed by the project of ECCLIPPx™ and in order to address
the challenges of existing studies, the present study aimed to focus on the study of PTB risk
prediction based on machine learning techniques using novel potential biomedical signals
including cervical EIS signal and cervical MIS signal. The objectives were to develop the data
processing techniques for cervical EIS signals and cervical MIS signals as well as the machine
learning based data analysis approaches with its strong capability of large-scale-data processing

and analysis, for creating EIS-based and MIS-based PTB risk prediction models.
The research investigations include three main works which are:

(1) EIS data processing and EIS data only based PTB risk prediction

(2) EIS and maternal characteristics-based PTB risk production, and

(3) Feasibility study on the MIS-based PTB risk prediction.

1.5 Structure of Main Works

For work (1) in Chapter 4, | implemented data pre-processing for EIS signal including the
comprehension of data size, data construction, missing data and statistics, and then evaluated
the data quality and proposed a principle of the optimum-EIS spectrum filter model, which was

created to select reliable and high-quality EIS data. Then | proposed a machine learning



pipeline for training the EIS-based PTB risk prediction model, including employing
polynomial feature structure to extend the feature dimension, and introducing a range of feature
selection techniques to evaluate the relation between feature and PTB risk, and then selecting
related features to train logistic regression model. In this work, three kinds of EIS-based PTB
risk prediction models were trained, and a general machine learning PTB risk prediction model
was trained to compare with EIS-based PTB risk prediction models, to assess the improvements
given by the optimum-EIS spectrum filter model and the proposed EIS-based PTB risk
prediction models.

For work (2) in Chapter 5, based on the previous outcomes of analysis of EIS-based PTB risk
prediction, an attempt of combination of the EIS-based PTB risk prediction model and the
maternal characteristics-based PTB risk prediction model was made, and the combined model
was compared to PTB risk prediction models based on only EIS, maternal characteristics, CL
and fFN. First, three machining learning pipelines of training the maternal characteristics-based
PTB risk prediction model, the CL/fFN-based PTB risk prediction model, and the EIS-based
PTB risk prediction model, were proposed. After these models trained, two approaches of
combining probabilities of PTB from different PTB risk prediction models were proposed

based on LR and SVM, respectively.

For work (3) in Chapter 6, before applying machine learning to MIS data to build a model for
PTB risk prediction, directly obtained MIS data (called real-time MIS data) was pre-processed
to calibrate MIS measurements with air and ferrite references, which were subtracted from the
MIS spectrum. A new calibration method was proposed in this work, that divided the MIS
spectrum by air and ferrite references and used the calibrated MIS spectrum to predict PTB
risk. Additionally, unlike EIS signals, the raw MIS signals were collected at the time domain.
An Autoregressive with Exogenous Input Model (ARX) was built using raw MIS data to
represent the dynamic system, and only features representing cervical magnetic impedance
rather than MIS device circuit properties in the ARX model, were used for PTB prediction.
After the MIS data calibration, a machine learning pipeline for training the MIS-based PTB
risk prediction model was proposed using SVM model, to evaluate the three calibration

methods and the potential of PTB prediction using MIS data.



1.6 Contributions of This Thesis

Firstly, as for EIS data based PTB prediction, I noticed the issue of EIS data’s heterogeneity,
which may lead a challenge to machine learning based PTB risk prediction, if averaging the
heterogeneous EIS data to build machine learning models. In this case, | implemented the EIS
data statistical analysis and proposed a principle of identifying the optimal EIS spectrum. This
principle was to identify the optimal EIS spectrum depending on delivery results. To deal with
this problem, 1 added labels for EIS spectra, which were used to train optimal-EIS spectrum

filter model without using delivery results.

Then, a machine learning strategy of training EIS-based PTB risk prediction model was
proposed in this work. Borderline-SMOTE1 oversampling [112] was used to balance the EIS
data. The logistic regression model was chosen as the EIS-based PTB risk prediction model
due to its good interpretability, and the application of polynomial feature structure tried to deal
with the problem of non-linear decision boundaries. However, polynomial feature structure can
lead a huge number of features. Orthogonal point-biserial correlation coefficient [105],
canonical correlation analysis [108] and two-stage canonical correlation analysis were applied
to evaluate the correlation between EIS data and PTB risk, and to reduce the dimension. After
the EIS-based PTB risk prediction model trained, a models-combining approach was proposed,
applying a machine learning model to combine two probabilities obtained by an EIS-based
PTB risk prediction model and a maternal characteristics-based PTB risk prediction model, so

that the accuracy prediction improved.

As for MIS data based PTB prediction, since the MIS data were measured by different probes
respectively, the representations of ARX models built using raw MIS data were also different.
To deal with this problem, the common component of ARX models was assumed as the
representation of cervix to be remained by pole-zero analysis. This implementation was
calibration via modelling. Because real-time MIS data were complex numbers, real-time MIS
data divided with references to calibrate corresponded with physical significance of complex
numbers. Therefore, calibration via division was proposed in this study. After the MIS data
calibrated, the machine learning was applied to evaluate the feasibility of MIS data based PTB

prediction.



In conclusion, this study contributed the idea of optimal-EIS spectrum filter model to overcome
the problem of EIS data’s heterogeneity, contributed the EIS-based PTB risk prediction model
and the combined model by combining an EIS-based PTB risk prediction model and a maternal
characteristics-based PTB risk prediction, where the two efficient PTB risk prediction models
had excellent predictions, were generalized for a wide population, and prolonged the prediction
period from 21 days to 12 weeks on average. Finally, the calibration via modelling contributed
the idea of modelling for a target component to reduce the device’s effects on measurements.
The performances of MIS-based PTB risk prediction models indicated that MIS data were

related to PTB risk, and a further study is needed to improve the prediction.



Chapter 2

2. Literature Review

2.1 The Knowledge of Preterm Birth

Preterm birth is all births at gestational ages before 37 completed weeks or fewer than 259 days
since the first day of a woman’s last menstrual period [1]. Furthermore, preterm birth can be
further sub-categorized based on the gestational age [1]: extremely preterm (<28 completed
weeks of gestation), very preterm (28 to 32 weeks of completed weeks of gestation), moderate
preterm (32 to 34 completed weeks of gestation), and late preterm birth (34 to 37 weeks of

completed weeks of gestation).

Also, preterm birth can be classified into three subtypes by obstetric precursors [81-83], which
are spontaneous preterm birth with intact membranes (SPTB), preterm premature rupture of
membranes (PPROM) and medically indicated preterm birth or induced preterm birth. 40-45%
of preterm births are SPTB; PPROM occupies 25-30% and 30-35% are induced preterm birth
[81, 83]. In general, sSPTB and PPROM are together regarded as spontaneous preterm births.
Further, there was a study summarizing the currently recognised risk factors of PTB [81, 82],
where the sPTB is associated with previous PTB history, low body mass, strenuous physical
workload, adverse behaviours, infection, uterine and cervical anomalies and psychosocial
stress, while medically induced PTB is led by maternal risk factors including pregnancy
hypertension, chronic conditions, obstetrical complication and antepartum bleeding, and by
fetal risk factors including pregnancy history, fetal distress, unstable fetal condition and

intrauterine growth restriction [81-83].

Furthermore, the high risk of PTB and low risk of PTB are identified by if the woman has one
or more risk factors, for example, previous preterm birth, multiple pregnancies, short intervals

between pregnancies, infections during pregnancy, short cervical length and smoking, alcohol,
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or medicine use during pregnancy [82]. The asymptomatic high risk (AHR) woman is defined
if the woman is SPTB and has the previous obstetric history or a short cervical length at 20
weeks of gestation. The symptomatic (SYMP) woman is defined if the woman has potential

chances of PTB but without advanced cervical dilation [81-83].

The exploration of PTB including prediction, prevention and treatment currently depends on

five key points [11] including:
1) A better comprehension and further research of the etiology of PTB

2) The identification of risk factors and determining the individual risk for pregnant

women

3) Medical supervision and interventions for at-risk pregnant women

4) Necessary preventions for pregnant women with early symptoms, and

5) Improvement of treatments through clinical trials for high-risk pregnant women.

Theoretically, the first two points can be considered as the prediction of PTB risk, 3) and 4)
are categorized into prevention process. and the last point is the treatment for PTB. Of these,
the prediction process is most essential, since only an efficient and accurate prediction can

guarantee the subsequent processes of prevention and treatment to be successful.

2.2 The Classification System of Approaches to Predicting

Preterm Birth Risk

One current approach to the prediction of PTB risk is based on the application of risk
factors/biomarkers, which was proposed in the study by Dr. Harry Georgiou and his colleagues
from Department of Obstetrics and Gynaecology in University of Melbourne. They also
advised that the current potential risk factors/biomarkers to predict PTB risk can be divided

into three sub-categories [11]. First, the maternal risk factors are composed of maternal
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demographic characteristics, nutritional status, pregnancy history, present pregnancy
characteristics, psychological characteristics, adverse behaviours, infection, uterine
contractions, and body-mass index (BMI) and so on. Of these, gynecologic history of pregnant
women, especially previous PTB history, is a high-risk factor to predict PTB. Second, cervical
length is popular and has been applied in clinical diagnosis of PTB, especially after Dr. Jackson
of University of Utah in 1992 proposed to measure cervical length using transvaginal
ultrasound (TVUS) [80]. Finally, the biological and genetic markers including amniotic fluid,
saliva, urine, blood, fetal fibronectin phosphorylated insulin-like growth factor binding protein-
1 and placental alpha macroglobulin-1 and so on, are becoming relatively credible for detection
of PTB.

Another popular approach to predicting PTB risk was to use single or multiple risk
factors/biomarkers-based prediction models [11, 12]. First, the prediction of PTB is conducted
with single risk factor/biomarker such as, for example, CL, fFN, cytokines containing
interleukin-6, interleukin-8, interleukin-10 and tumor necrosis factor alpha, phosphorylated
phlGFBP-1, and PAMG-1 [8, 12]. Second, multiple risk factors/biomarkers are introduced into
prediction models, that combines previous PTB history, low body mass, adverse behaviours,
infection, maternal and fetal risk factors/biomarkers, with the data analysis techniques to build

appropriate prediction models.

A further approach to predicting of PTB risk involves biomedical signals such as cervical EHG
signal which is different from the traditional risk factors/biomarkers. Hence, current prediction
models of predicting PTB risk can be mainly classified into three types: i) single-risk
factor/biomarker-based prediction models, i) multiple-risk factors/biomarkers-based
prediction models and iii) new biomedical-signal-based prediction models. These models will

be introduced in details as follows.
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2.3 The Current Prediction Models of Preterm Birth Risk

1) Single-risk factor/biomarker-based prediction models

Many studies have concentrated on predicting PTB with single risk factor/biomarker that is all
advised by clinical representations, typically including CL, fFN, phIGFBP-1, PAMG-1, and
some cytokines containing IL-6, IL-8, IL-10 and TNF-a [3, 8, 12, 13]. Table 2.1 is the summary

of a part of current studies where clinical risk factors/biomarkers are used to predict PTB risk.

Table 2.1: The summary of current studies applying single-risk factor/biomarker-based
prediction models to predict PTB within 14 days.

Features Author/Year Comments
CL Honest et al./2003 [14] Conde et al./2015 [19] The studies showed that CL
alone may not always be an
Lim et al./2011 [15] Esplin et al./2017 [20] accurate predictor of preterm
birth, and the predictive value
Boots et al./2014 [16] Hiersch et al./2016 [21] of CL alone is highest in

women with a history of

Vandermolen et al./2016 [17] | Hiersch et al./2014 [22] preterm birth or other risk
factors, but it may be less

Melamed et al./2014 [18] accurate in low-risk
populations.
fFN Leitich et al./1999 [23] Abbott et al./2012 [27] The studies showed that the
accuracy of the fFN test is
Deshpande et al./2013 [24] Jwala et al./ 2016 [28] highly dependent on testing
between 22 and 35 weeks of
Berghella et al./2008 [25] Hezelgrave et al./2016 [29] | gestation, similarly fFN is a
useful biomarker for
Zhou et al./2015 [26] Rizzo et al./1996 [30] predicting preterm birth in

high-risk populations.

phIGFBP-1 | Fuchs etal./ 2017 [32] Riboni et al./2011 [36]
. The studies showed that
Goyal et al./2016 [33] Danti et al./2011 [37] although phIGFBP-1  and
) PAMG-1 have shown
Conde et al./ 2016 [34] Brik et al./2010 [38] promising results in some
studies, there is still limited
Cooper et al./2012 [35] Melchor et al./2018 [39] data on their efficacy as
predictors of preterm birth,
PAMG-1 Melchor et al./2018 [39] Melchor et al./2018 [42] | especially — in low-risk
populations. More research is
Wing et al./2017 [40] Nikolova et al./2014 [43] | heeded to fully evaluate the
clinical utility.
Nikolova et al./2017 [41] Ravi et al./2019 [44]
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IL-6, IL-8, Yoneda et al./2011 [45] Holst et al./2009 [49] The studies showed that the
IL-10 and levels of cytokines can vary

Yoneda et al./2007 [46] Son et al./ 2016 [50] widely among individuals,

TNF-a making it difficult to establish
Ng et al./2006 [47] Huang et al./ 2019 [51] universal cut-off values or

models for identifying high-

Thomakos et al./2009 [48] risk individuals, and the

positive predictive value of
cytokine testing is generally
low.

CL: cervical length, fFN: fetal fibronectin, phIGFBP-1: phosphorylated insulin-like growth factor binding
protein-1, PAMG-1: placental alpha macroglobulin-1, IL-6: cytokines containing interleukin-6, 1L-8: cytokines
containing interleukin-8, IL-10: cytokines containing interleukin-10, TNF-a: tumor necrosis factor alpha.

Screening of cervical length by transvaginal ultrasound has long been used as the criterion for
the prediction of PTB risk [12, 13], its predicted threshold is the length of cervix generally less
than 25 mm under vaginal ultrasonography, and its measurement time is usually recommended
at 20 to 29 weeks of gestation [11]. The pregnancy with the length of cervix more than 30 mm
is often at low risk of PTB, while the pregnancy with the length of cervix less than 15 mm is
most likely at high risk of PTB [14, 17, 19]. Table 2.1 includes three review studies and six
articles about CL-based model [14-22]. Of these, a review of 21 studies from 1966 to 20009,
among women with a multiple pregnancy, sensitivity and specificity of choosing different
second-trimester CLs as criterion for spontaneous PTB before 34 weeks' gestation, were 78%
and 66% for 35 mm of CL, 41% and 87% for 30 mm, 36% and 94% for 25 mm and 30% and
94% for 20 mm [14, 15]. Another systematic review between 1966 and 2013 summarized that
the sensitivity and specificity of CL for delivery within 48 hours were 0.77 (95% CI, 0.54-0.90)
and 0.88 (95% CI, 0.84-0.91), and for delivery within seven days were 0.74 (95% CI, 0.58-
0.85) and 0.89 (95% CI, 0.85-0.92) respectively [16].

Fetal fibronectin is one of the biomarker tests commonly applied in clinical prediction of PTB
risk, since some studies found that fFN of at PTB risk women is higher than normal pregnant
women [23]. When the fFN test is positive and more than 50 ng/ml, the intervention should be
taken to prevent from PTB [23, 24, 29]. Among the summary studies about fFN in Table 2.1,
the statics given by review research of 27 studies from 1989 to 1997, showed that overall
sensitivities and specificities of fFN for delivery <37 and <34 weeks’ gestation were 56% and
84%, and 61% and 83% respectively [16], meanwhile it presented that the sensitivities of fFN
for delivery within 7, 14, 21, 28 days were 76%, 68%, 61%, and 43%, also the specificities
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were 86%, 86%, 88%, and 83% respectively [16]. Another summary of studies between 2000
and 2011 reviewed that the sensitivities and specificities of fFN for delivery <37 and <34 weeks’
gestation within 7-10 days of testing were 60.8% and 82.3%, and 69.1% and 84.4% [17]; the
sensitivities and specificities of fFN for delivery within 7-10 days were 76.7% and 82.7% [17].

The phlGFBP-1 is regarded as a phosphorylated protein that is generally synthesized in
endometrium cells [32]. These cells are decidualized in the uterine during pregnancy [35].
phlGFBP-1 normally cannot be found in the vagina, while it will leak into the vagina if uterine
contracts, and it usually can be measured at 22 to 36 weeks of gestation [35]. The summary
studies of phIGFBP-1 in Table 2.1 contains two systematic reviews and six articles of
phIGFBP-1 analysis [32-39]. A review of forty-three studies from 2000 to 2015 were analysed,
of which 15 studies about phIGFBP-1 test for asymptomatic pregnant women performed, that
the pooled sensitivities and specificities for delivery <37, <34, and <32 weeks’ gestation ranged
from 14% to 47% and from 76% to 93%, while 34 of 43 studies about phIGFBP-1 test for
pregnant women with a sign of PTB showed that the pooled sensitivities and specificities for
delivery <37 and <34 weeks’ gestation within 7 and 14 days of testing were 60% and 68%, 77%
and 81% respectively [34].

Like phlIGFBP-1, PAMG-1 is also generated from decidualized endometrium cells during
pregnancy and most amounts of PAMG-1 are in amniotic fluid, additionally once early uterine
contraction or inflammation associated with PTB happens, PAMG-1 will appear in the vagina
and be detected [40, 43]. The recent study reviewed 14 articles from 2015 to 2017 and found
that the lowest and highest sensitivity and specificity of PAMG-1 for predicting sSPTB within
seven days of testing were 0.33 (95% CI, 0.04-0.78) and 0.91 (95% CI, 0.79-0.97), and 1.00
(95% CI, 0.74-1.00) and 1.00 (95% ClI, 0.94-1.00), respectively [39]. Similarly, other studies
in Table 2.1 showed that the PAMG-1 performed a high specificity and positive predictive
value (PPV) [40-44].

IL-6, IL-8, IL-10 and TNF-a are a range of cytokines which are secreted in amniotic fluid,
maternal serum and cervicovaginal fluid, response to the infections and inflammatory [12, 52,
53]. Several studies of relation between cytokines and PTB risk from 2004 to 2016 were
collected as a review in Table 2.1 [45-51], whereas their conclusions were various. First, some
studies indicated that the amniotic fluid IL-6 is strongly associated with PTB and with a p-
value < 0.001 [47, 48, 49, 50], while the review studies found many studies pointed that

amniotic fluid IL-6 has no association with PTB [51]. Besides, three studies confirmed that
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amniotic fluid IL-8 has association with PTB and stronger than cervical mucus IL-8 [45, 46,
50], whilst another review study denied the correlation with PTB [12], similar to IL-10 and
TNF-a [48-53].

i) Multiple-risk factors/biomarkers-based prediction models

Many studies announced that single risk factor/biomarker to predict PTB risk cannot meet the
requirement of accuracy [5, 8, 11], hence, they suggested that the further studies should involve
combination of risk factors/biomarkers and large data analysis techniques [11, 12]. For
example, some studies implied that the fFN test should be applied with cervical length, where
the pregnant women with cervical length less than 25 mm are generally at high risk of PTB and
should implement the fFN test [17, 20, 26, 28, 31]. Furthermore, some studies also added
phIGFBP-1 and PAMG-1 into the combination of fFN and cervical length, and the combination
of cytokines [32, 36, 37, 39, 40, 41, 42, 44], to improve the accuracy of prediction models.

Table 2.2: The summary of current studies applying multiple-risk factors/biomarkers-based
prediction models to predict PTB within 21 days; some performances are reported as ranges

since the studies used several feature sets or classifiers.

Author/Year No. of Data analysis Classifiers Performances
features Techniques
Amini et al./2017 | 14/5 (1) Stepwise variable | (1) Decision tree AUC on clinical
[54] selection data: 0.59-0.85
(2) Logistic regression
Alleman et 9/11 (1) Continuous net (1) Logistic regression AUC on clinical
al./2013 [55] reclassification data: 0.54-0.70
improvement
(2) Integrated
discrimination
improvement
Weber et al./2018 | 20 (1) Super learning (1) Original logistic AUC on clinical
[56] regression data: 0.60-0.68
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(2) Random Forest
(3) K-nearest neighbors

(4) Generalized additive
models

(5) Lasso regression
(6) Ridge regression

(7) Elastic net regression

Garcia et al./2017
[57]

(1) Parametric
survival model

(1) Logistic distribution

AUC on clinical
data: 0.63

Tran et al./2016 | 10 (1) Weighted feature (1) Stabilized Sparse AUC on clinical
[58] standard deviation Logistic Regression data: 0.70-0.77
(2) Randomized Gradient
Boosting
El-Ardat et 5 (1) Mann-Whitney (1) Logistic regression AUC on clinical
al./2014 [59] test data: 0.88
(2) Chi-Squared test
Zhu et al./2017 | 10 (1) T test (1) Cut-off values ACC on clinical
[60] data: 0.79
(2) x? test
(3) Correction x?test
He et al./2018 3-5 (1) Harrell’s c (1) Cox proportional AUC on clinical
[61] statistics hazards regression data: 0.51-0.56
(2) Martingale
residuals
(3) Log survival plots
(4) Schoenfeld
residuals
Raja et al./2021 | 36 (1) Entropy notion (1) Decision tree ACC on clinical
[62] data: 0.78-0.91

(2) Synthetic minority
oversampling
technique (SMOTE)

(2) Logistic regression

(3) Support vector
machine

AUC: area under the receiver operating characteristic curve, ACC: prediction accuracy.
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In Table 2.2, | summarized the recent studies of predicting PTB risk with multiple-risk
factors/biomarkers-based models [54-62]. Of these, the summary concentrates on the
combination of features techniques and classifiers applied for feature selection and prediction.
Furthermore, the performances are displayed with the prediction accuracy (ACC) and area

under the receiver operating characteristic (ROC) curve (AUC).

Among the studies, the combination of maternal demographic characteristics only, such as age,
history of PTB, amount of vaginal-bleeding, adverse lifestyle and folic acid intake before
pregnancy, cannot construct a high-quality predictive model [61]. The various combinations of
demographic characteristics and risk factors/biomarkers, which include CL, fFN and IL-1B
[60], amine odortest [59], and cortisol and a-amylase level [57], can improve the association
with PTB risk. Several review studies summarized a large amount of articles about PTB risk
prediction and claimed that the previous PTB, age of pregnancy, BMI, chronic disease and
adverse habits are most frequent predictors [63, 65], and the multivariate prediction models are
able to improve the accuracy whereas the overall prediction performances are not consistent,
the AUC ranging from 0.51 to 0.91 [63-65].

1) New biomedical-signal-based prediction models

Electrophysiological technique is a measurement of electrical activity in different parts of body,
such as brain, eye, heart, muscle, uterus and skin. The electrophysiological technique applied
in uterus is named as electrohysterography, also as uterine electromyogram (EMG), which
measures the electrical change in uterus where movements happen [66, 71, 74]. In addition,
EHG/EMG technique is regarded as a safe measurement that does not hurt pregnant women,
and it is convenient and flexible to measure during treatment [64, 79]. Hence, a range of studies

focused on developing EHG/EMG technique to predict PTB risk.

In general, the EHG/EMG signal mainly composes of linear features and nonlinear features or
time domain features and frequency domain features [64, 66, 75, 76]. Of these, linear features
can be the root mean square, peak frequency, median frequency, variance, average amplitude
change, mean absolute value, Wavelet length, frequency ratio and maximum fractal length of
EHG/EMG signal and so on [64, 66, 69, 70, 72], and nonlinear features include maximal

Lyapunov exponent, sample entropy, integrated EHG signal, simple square integral, singular
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spectrum analysis, principal component analysis (PCA), correlation dimension, Coupling and
multivariate analysis and so on [64, 70, 77, 78]. Then these features will be assessed by kinds

of feature selection techniques to determine prediction models.

Table 2.3: The summary of current studies applying new biomedical-signal-based prediction

models to predict PTB within 21 days; some performances are reported as ranges since the

studies used several feature sets or classifiers.

Feature Author/Year No. of Data analysis Classifiers Performances
features Techniques
EHG/EMG Fergus et 4 (1) Synthetic (1) Linear Discriminant | (1) AUC on
al./2013 [67] minority Classifier open data:
oversampling 0.50-0.61 (no
technique (SMOTE) | (2) Quadratic SMOTE)
Discriminant Classifier
(QDC) (2) AUC on
open data:
(3) Uncorrelated 0.66-0.89
Normal Density (SMOTE)
Classifier
(4) Polynomial
Classifier (3) AUC on
clinical data:
(5) Logistic Classifier 0.49-0.55 (no
SMOTE)
(6) K-Nearest Neighbor
(7) Decision Tree
Classifier
(8) Parzen Classifier
(9) Support vector
machine
Fergus et 4 (1) Synthetic (1) Back-propagation (1) AUC on
al./2016 [68] minority trained feed-forward open data:
oversampling neural network 0.50-0.58 (no
technique (SMOTE) | classifier SMOTE)
(2) Statistical (2) Levenberg— (2) AUC on
significance Marquardt trained feed- | open data:
forward neural network | 0.50-0.90
(3) Linear classifier (SMOTE)
discriminant analysis
using independent (3) Perceptron linear (3) AUC on
search classifier clinical data:
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(4) Linear (4) Radial basis 0.50-0.91
discriminant analysis | function neural (SMOTE)
using forward search | network classifier
(5) Linear (5) Random neural
discriminant analysis | network classifier
using backward
search (6) Voted Perceptron
classifier
(6) Gram-Schmidt
(7) Discriminative
Restricted Boltzmann
Machine classifier
Ahmed et <=8 (1) Huang-hilbert (1) Support vector (1) AUC on
al./2017 [69] transform machine classifier clinical data:
0.87-0.96
(2) Intrinsic mode
function
(3) Inter-correlation
coefficient
Ren et 180 or4 | (1) Synthetic (1) Support Vector (1) AUC on
al./2015 [70] minority Machine open
oversampling data:0.50-0.91
technique (SMOTE) | (2) Random Forests (non-EMD)
(RF)
(2) Empirical Mode (2) AUC on
Decomposition (3) Multilayer open data:
(EMD) Perception 0.76-0.98
(EMD)
(3) Intrinsic mode (4) AdaBoost
function
(5) Bayesian Network
(4) Shannon entropy | (BN)
(6) Simple Logistic
Regression
Idowu et 4 (1) Synthetic (1) Random Forest (1) AUC on
al./2015 [71] minority open data:
oversampling (2) Penalized Logistic | 0.49-0.68 (no
technique (SMOTE) | Regression SMOTE)
(3) Rule-Based (2) AUC on
Classifier open data:
0.89-0.96
(SMOTE)
Smrdel et <=6 (1) Synthetic (1) K-nearest neighbors | (1) ACC on
al./2015 [72] minority open data:
oversampling (2) Linear discriminant | 0.49-0.88
technique (SMOTE) | analysis
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(2) Adaptive
autoregressive

(3) Quadratic
discriminant analysis

(4) Support vector
machine

(2) Self- organized
Network Inspired by
the Immune Algorithm
(SONIA)

(3) K-nearest neighbors
(4) Decision tree

(5) Support vector
machine

(6) Dynamic Self-
Organized Network
Inspired by the Immune
Algorithm

(5) Decision tree
Naeem et N/A (1) Discrete cosine (1) Kohonen neural (1) ACC on
al./2014 [73] transform network open data:
0.65-0.92
(2) Singular spectrum | (2) Cascade-forward
approach neural network
(3) Amplitude (3) Feed-forward
adjusted Fourier neural network
transform
(4) Principal
component analysis
(PCA)
Hussain et 4 (1) Min/max (1) Multi-Layer (1) ACC on
al./2015 [74] oversampling Perceptron open data:
technique 0.65-0.92

EHG: electrohysterography, EMG: electromyogram, AUC: area under the receiver operating characteristic
curve, ACC: prediction accuracy.

Table 2.3 summarized a range of current studies concentrating on exploring EHG/EMG signal
for predicting PTB risk [67-74]. The summary includes techniques and classifiers applied in
those studies, and prediction performance of EHG/EMG. The techniques employed in studies
involve over sampling technique, feature extraction technique, feature selection technigque and
a range of data analysis techniques. The classifiers included the popular machine learning

techniques that are widely applied in prediction and classification problems. Also, the
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performances were summarized with ACC or AUC using open data or clinical data with

consideration of all results via different classifiers.

2.4 Problems with Existing Preterm Birth Predictions

Firstly, prediction of PTB risk with risk factors/biomarkers alone consists of CL, fFN,
phlGFBP-1, PAMG-1, and certain inflammatory mediators containing IL-6, IL-8, IL-10 and
TNF-a. As for CL and fFN, the use of CL or fFN as a predictor in low-risk pregnant women
and the prediction of a longer-time (time from test to delivery) delivery has not yet been
addressed and remains a difficulty [14, 15, 16]. Neither fFN nor CL can achieve the desired
bedside demand on high accuracy of prediction of PTB risk [26, 27, 29, 30, 31]. As for other
risk factors/biomarkers, PAMG-1 and phIGFBP-1 are restricted to the subset of PTB that
includes sPTB and symptomatic women, as both are typically found during uterine contraction
or inflammation [39, 40, 41, 44]. In addition, although cytokines, such as IL-6, IL-8, IL-10 and
TNF- a, were considered as potential PTB predictors in recent studies. the conclusions were

inconsistent and the association with PTB remained ambiguous yet [52, 53].

Then, the combination of maternal demographic factors cannot develop a high-quality
predictive model, while prediction of PTB with combination of risk factors/biomarkers has the
superior performance on clinical data. However, the overall prediction performances vary
widely, with AUC ranging from 0.51 to 0.91 [63-65]. This means that, on the one hand, while
employing the same methodologies or features to develop prediction models for different
training data of pregnant women, these models may exhibit varied performance on the same
testing data [57, 59]. Alternatively, the performance of a model may vary depending on the
testing data of pregnant women. This is also likely to indicate that certain models or features
cannot guarantee predictive universality and generalization [61, 63]. Also, most of PTB risk
prediction models from current works can only have the best performance before 7 to 14 days
of onset [58, 60, 63, 64, 65].

Cervical EHG is a relatively new non-invasive measurement tool that offers information on

uterine contractions during pregnancy and labour by monitoring the electrical activity
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responsible for the mechanical response [66]. But obtaining high-quality surface signals is one
of the most difficult tasks in the application of cervical EHG. Signal amplitude is modest,
especially in the early stages of pregnancy, and recordings might be distorted by movement
artefacts and contractions [66, 71, 78]. These unwanted components can result in erroneous
interpretations of outcomes. Therefore, the analysis often needs pre-process and pre-
segmentation of the records [72, 73]. These complicated implements and lack of a physical
interpretation lead the EHG records not to be used on clinical diagnosis [66]. In conclusion,
almost none of these methods can consistently define premature birth, resulting in ineffective
treatments, missed opportunities to treat preterm infants, and an inability to conduct therapeutic

effect analyses.
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Chapter 3

3. Electrical Impedance Spectroscopy and

Magnetic Impedance Spectroscopy

3.1 Electrical Impedance Spectroscopy Technology

Background Electrical Impedance Spectroscopy is a technology involving applying a
sinusoidal test voltage or current to a sample under test to measure its transfer impedance over
an appropriate frequency range [84, 85, 86, 87]. Of these, applying a sinusoidal test voltage is
called ‘potentiostat EIS’, which is one of its two versions, and another version called
‘galvanostat EIS’ is applying a sinusoidal test current. Generally, these two versions are equal
and give the same results. The EIS technique has been employed to study the electrical
properties of various materials, where the measured electrical impedance spectra show an
electrical image of the sample under test, often with an equivalent circuit mode, representing
its properties and behaviour [85]. Additionally, this quick and easily-implement technique has
been widely applied to find out the characters of solid, liquid, semi-liquid, animal and human
organic, such as monitoring of fruits, vegetable oils, dairy products, and especially metal

surfaces [85].

EIS device Characterizing of tissue of upper cervix has been ongoing by a study group of
ECCLIPPx™., The ECCLIPPx™ study was carried out in the Jessop Wing Maternity Unit of
the Royal Hallamshire Hospital in Sheffield, UK, a tertiary PTB referral institution with about
7500 deliveries annually, between January 2014 and August 2016. The study received approval
from the Yorkshire & Humber (Sheffield) Committee of the UK National Research Ethics
Service (REC Number 13/YH/0167). All study participants gave written informed consent.
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The EIS technique was implemented by an advanced device namely Sheffield Mark V (shown
in Figure 3.1), which is the latest version and is developed to reduce the noise and increase the
sensitivity of measurement on the deep of tissue [86, 89]. The researchers of ECCLIPPx™
group hypothesised that the impedance changes recorded by Sheffield Mark V device in
cervical tissue in the period of pregnancy will associate with PTB risk [86, 89, 91].

In the ECCLIPPx™ study [86, 89], the device has an accelerometer and a pressure sensor, and
researchers applied a constant force of 2 Newtons to take measurements of cervical EIS. The
probe tip has eight electrodes arranged in two rings of different sizes, and the electrodes are
made of 37.5% gold with varying diameters. The overall diameter of the probe tip is 11mm,
and the device measures and displays the applied force to the clinician using a load cell and a

triaxial accelerometer.

e —

Figure 3.1: The EIS device of Sheffield Mark V, showing the device base, and the device

probe piece (a), the tetrapolar probe configuration (b) and the complete coupled device (c).

EIS measurement The transfer impedance was measured (Figure 3.2) with the device by
applying sine-wave current (Equation 3.1) at 14 different frequencies ranging from 76.3Hz to
625 kHz in octave increments through two injecting electrodes, and then the device measured

the electric voltage change (Equation 3.2) between two sensing electrodes. Each frequency
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sweep took 200 milliseconds and was repeated until the standard error of eight measurements
is under a threshold for quality control purposes. This means that it took a minimum of 1.6
seconds and 3.2 seconds to record the full-frequency spectrum for the two electrode rings,
respectively. The measured transfer impedance spectral data (Equation 3.3) and its variance

were transmitted via Bluetooth technology to a custom central database and stored.

I(t) = I+ |I| x sin(wt) =1 + |I| x sin(2nft), (3.1)

V() = V+ V| xsin(wt + ¢) =V + |V| X sin(2rft + ¢), (3.2)
i) = Y@ _ WV —je _ jxArg(Z)

Z(jw) Gy = m ¢ |Z| x e (3.3)

=Re(Z(jw)) + j X Im(Z(jw)),

where, I and V are the direct current (DC) voltage and DC current; |I| and |V| are the
amplitude of voltage and current at the angular frequency w = 2rf, where f is the physical
frequency (also the signal frequency); ¢ is the phase difference between I(t) and V(t); I(jw)
and V(jw) are the Fourier transform of the I(t) and V(t); |Z| and Arg(Z) is the amplitude
and phase of the impedance; and Re(Z(jw)) and Im(Z(jw)) are the real and imaginary part.

Sheffield Mark) a sine-wave current ( _ ;
V device J VL Cervical tissue Voltage response

calculated by
Equation 3.3

A 4

Database 1: ( EIS spectra
J stored

Figure 3.2: The proposed technology for measurement of EIS.

Finally, the measured cervical impendences (also EIS features) from ECCLIPPx™ group, are

over 14 frequencies ranging from 76.3 Hz to 625 kHz,
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Z(2nf) = |Z;| x e/*479@) = Re(Z;) + j x Im(Z)), (3.4)

where 76.3 Hz < f; < 625 kHz, (i = 1,2 ...14). Thus, 14 pairs (amplitude and phase or real
and imaginary part) of measured cervical impendences (also EIS features) were recorded for
each pregnant woman, meanwhile, the measurement was carried out 1 to 3 times randomly at

one visit. More details about the EIS data are described in Chapter 4.

3.2 Magnetic Impedance Spectroscopy Technology

Background When applying EIS technique, a main drawback is that it requires contact between
the sample being measured and the electrodes. Impedance values can vary greatly depending
on the amount of pressure applied to the probe during data collection [97]. In order to increase
the accuracy of EIS and decrease potential causes of inaccuracy, with the NIHR funding, the
ECCLIPPx Il study developed a prototype magnetic induction spectroscopy gradiometer probe
since impedance spectroscopy can detect precancerous alterations in cervical tissue and reveal
changes in cervical tissue that occur during pregnancy. The ECCLIPPx Il study was also
carried out in the Jessop Wing Maternity Unit of the Royal Hallamshire Hospital in Sheffield,
UK, from May 2018 to August 2019. The study was approved by the Yorkshire & the Humber
Committee of the UK National Research Ethics Service (Research Ethics Committee

17/YHO0179), and all study participants gave written informed consent.

The technique known as Magnetic Impedance Spectroscopy can be used to take contactless
bio-impedance of cervical tissue over a frequency range, by using safe magnetic fields and
collecting information of the tissue through which the current flows [92, 93, 94]. MIS is the
multi-frequency variant of magnetic induction tomography (MIT) and one of the bioelectrical
impedance spectroscopy (BIS) techniques [93, 96, 99]. For bio-impedance measurements, MIS
approach has been developed and applied in order to eliminate the necessary for electrodes to
be in contact with the tissue or sample [94, 95]. Instead of using electrodes to inject electrical
current into tissue, MIS uses coils to generate magnetic fields that trigger currents within the
sample or tissue. MIS is then able to measure these currents [96, 97, 98]. These induced currents

also produce magnetic field disturbances that can be detected by sensor coils since they are
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generated by the magnetic field itself. Consequently, the obstacles created by the measurement
imperfections induced by electrodes in EIS can be avoided by the employment of magnetic
inductive techniques [95, 96]. An additional advantage of MIS techniques with the
characteristic of contactless measurement is to avoid electrical hazards when the device causes

large currents to flow through electrode contacts by incident [93, 94, 96].

MIS device The MIS2 system (shown in Figure 3.3) was designed to safely measure the cervix
conductivity in pregnant women in order to explore the potential association between cervical
changes and women at risk of preterm birth. A modest localised magnetic field was generated
by the probe head of MIS2 system (two probes was designed — Probe 2a and Probe 2c). When
this magnetic field was introduced close to tissue, it caused small currents in the tissue, which
were detected by sensing the magnetic field generated by these induced currents. The generated
currents in the cervix generated a magnetic field that manifested itself as a minute shift in the
applied field [97]. Placing two matching gradiometers on either side of the primary drive coil
and spacing them equally reduced the dynamic range of the measurement device. When the
gradiometer coils were coupled in antiphase, the drive magnetic field and the field produced
by tissue currents cancelled each other out, leaving just a signal generated by the induced
currents [97]. If the equipment was calibrated properly, the detected magnetic fields could
relate to tissue conductivity. Therefore, air cored and ferrite cored were required to take the

calibration.
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Figure 3.3: The MIS device of MIS2 system, showing the MIS cable (i), MIS probe (ii), MIS
software (iii), and MIS footswitch (iv) in (A), air cored (i), and ferrite cored (ii) in (B), and
the inside of MIS2 (C).

MIS measurement The MIS2 device took measurements of conductivity over 16 discrete
frequencies from 21 kHz to 1013 kHz. The actual drive waveforms were created by a Direct
Digital Synthesis (DDS) generator and by choosing a proper phase accumulator value of Ad.
Therefore, the frequencies are calculated by Equation 3.5, and the 16 phase accumulator values,
approximate frequencies and approximate peak drive currents were listed in Table 3.1. The last

two frequencies were both 1013 kHz, hence, there were 15 frequencies applied in this work.

224

AP = four X —— (3.5)

40%x10°
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Table 3.1: The 16 phase accumulator values, approximate frequencies, and approximate peak

drive currents.

Phase accumulator value | Approx freq in kHz | Approx peak drive current
8808 21 0.30A
17616 42 0.26 A
24327 58 0.31A
30199 72 0.28A
36071 86 0.29 A
41943 100 0.27 A
84725 202 0.13A
126668 302 90 mA
168611 402 67 mA
210554 502 54 mA
253336 604 45 mA
295279 704 39 mA
337222 804 34 mA
379165 904 30 mA
424883 1013 27 mA
424883 1013 27 mA

During the measurement process, the MIS2 system used alternating current (AC) as input, and
outputted the resulting induced voltage. Basically, one measurement consisted of seven sweeps,
also called events for Ferrite Target, Air, Cervix 1, Vaginal Reference 1, Cervix 2, Vaginal
Reference 2 and Cervix 3 respectively (more details shown in Table 3.2). When implementing
the measurement, firstly, the nurse put the MIS probe into the ferrite cored and pressed the
footswitch. Ferrite target was recorded. Then, the probe was put into the air cored to record the

air target. After that, the nurse put the probe into vagina close to cervix tissue to record the
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cervix 1 data and left the tissue a short distance to record vaginal 1 data. Finally, repeated the

measurement process several times to record cervix 2 and cervix 3, and vaginal 2.

Table 3.2: The descriptions of seven events of Ferrite Target, Air, Cervix 1, Vaginal

Reference 1, Cervix 2, Vaginal Reference 2 and Cervix 3.

Events Description
Ferrite Target measurement of ferrite solution
Air measurement of air

Cervix 1 measurement of cervix at first time
Vaginal Reference 1 measurement of vagina for reference at first time

Cervix 2 measurement of cervix at second time
Vaginal Reference 2 measurement of vagina for reference at second time

Cervix 3 measurement of cervix at third time

Thereafter, the MIS data were recorded as two types of data, one of that was the raw data in
time domain, where seven events were stored respectively; and the other one of that was the
Real-Time MIS data in frequency domain which were converted from the raw data by Field-
Programmable Gate Array (FPGA), which applied a matched filter to the analog-to-digital
converter (ADC) - collected data, where seven events were stored together. More details about

the two types of MIS data were described in Chapter 6.
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Chapter 4

4. EIS Data Processing and EIS Data-based
PTB Prediction

The ECCLIPPx™ project (mentioned in Chapter 3) aimed to determine if a potential test of
electrical impedance spectroscopy measured by the latest version of the cervical EIS device
(The Sheffield Mark V) can accurately identify women at risk of PTB, so that who can be
offered the treatment to prolong pregnancy [89]. The group has revealed that EIS may be
beneficial in predicting the onset of PTB, and revealed that women who are more likely to
deliver prematurely have lower cervical impedance in the middle of their pregnancies than

those who deliver normally.

Based on this hypothesis, in order to analyse and evaluate the feasibility of EIS for prediction
of PTB risk, in this study, a strategy of machine learning was given for the EI1S-based PTB risk
prediction. The proposed method involved an optimum-EIS spectrum filter, a range of feature
selection techniques and a ML-based PTB risk prediction model, in such a way that the filter
selected the optimum EIS spectrum most relevant to the cervix condition of women from
among all of the repeatedly measured EIS spectra, and then feature selection techniques were
used to choose most associate predictors with PTB risk, finally these PTB predictors were
trained into a ML-based PTB risk prediction model. Both the optimal-EIS spectrum filter and
the PTB risk prediction model were constructed using machine learning approaches, which
adopted a range of techniques including oversampling, polynomial representation, Orthogonal
point-biserial correlation coefficient (OBCC), Canonical Correlation Analysis (CCA) and
Two-stage canonical correlation analysis (TSCCA) based feature selection, as well as support
vector machine for optimal-EIS spectrum filter and logistic regression for EIS-based PTB risk

prediction model.
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4.1 Methodology

4.1.1 EIS Dataset Analysis

The dataset contains 438 recruited women (Table 4.1) with their EIS spectra over 14
frequencies ranging from 76.3 Hz to 625 kHz measured at between 19 to 23 weeks of gestation,
where 197 women (45%) are at higher risk of PTB and 241 women are at lower risk of PTB,
and 374 women (85.4%) deliver on term and 64 women (14.6%) give a preterm birth. Of 374
on-term birth women (Table 4.2), 143 women (38.2%) and 231 women (61.8%) are at higher
risk of PTB and at lower risk of PTB respectively. The on-term birth women give the delivery
from 37 to 42 weeks of gestation. The period between their test and delivery is 15 to 23 weeks
of gestation and average period is 21 weeks of gestation. 64 PTB women (Table 4.3) consist
of 54 higher risk PTBs (84.4%) and 10 lower risk PTBs (15.6%). Their premature births happen
at from 20 to 36 weeks of gestation after 1 to 17 weeks of test (average: after 12 weeks of test),
where 10.9% of premature births are extreme PTB (<28 completed weeks of gestation), 20.3%
are very PTB (28 to 32 weeks), 18.8% are moderate PTB (32 to 34 weeks) and 50.0% are late
PTB (34 to 37 weeks).

Table 4.1: The information of 438 recruited women, PTB: preterm birth.

Content Description
Recruits: 438 women
Age range: 17 to 45
Gestation of visit: 19 to 23 weeks of gestation
Higher risk of PTB: 197 of 438 women (45%)
Lower risk of PTB: 241 of 438 women (55%)
On-term birth: 374 women (85.4%)
Preterm birth: 64 women (14.6%)
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Table 4.2: The information of 374 on-term birth women, PTB: preterm birth.

Content Description
On-term birth: 374 women
Higher risk of PTB: 143 of 374 women (38.2%)
Lower risk of PTB: 231 of 374 women (61.8%)
Gestation of on-term birth: 37 to 42 weeks of gestation
Delivery after testing: 15 to 23 weeks
Average: 21 weeks

Table 4.3: The information of 64 PTB women, PTB: preterm birth.

Content Description
Preterm birth: 64 women
Higher risk of PTB: 54 of 64 women (84.4%)
Lower risk of PTB: 10 of 64 women (15.6%)
Gestation of PTB: 20 to 36 weeks of gestation
Extreme PTB (<28 weeks): 7 of 64 women (10.9%)
Very PTB (28 to 32 weeks): 13 of 64 women (20.3%)

Moderate PTB (32 to 34 weeks): 12 of 64 women (18.8%)

Late PTB (34 to 37 weeks): 32 of 64 women (50.0%)
Delivery after test: 1 to 17 weeks
Average: 12 weeks

The EIS spectra are complex structure consisting of amplitude and phase or real and imaginary
part, also there are 28 EIS features measured once for a recruited woman and the measurement
was carried out 1 to 3 times randomly at their visit. Hence, 438 women contain 1022 spectrum
readings in total, where 41 women have one spectrum reading only, 210 women have two

spectrum readings only, and 187 women have three spectrum readings. For women with more
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than one spectrum reading, the coefficient of variation (CV) of amplitude of spectrum readings
at the lowest frequency (at 76.3 Hz) is calculated by,

cV = 4.1)

g
u
to evaluate reliability of spectrum readings, where o is standard variation and u is mean.
Generally, the CV-based evaluation of reliability is categorized into four levels: "excellent" if
the percentage is less than 0.05, "good" if it falls between 0.05 — 0.1, "acceptable” if it ranges
from 0.1 — 0.15, and "unacceptable” if it exceeds 0.15 [102]. 210 coefficients of variation of
women with two spectrum readings only and 187 coefficients of variation of women with three

spectrum readings are demonstrated in histograms respectively (Figure 4.1 and Figure 4.2).

Counts

1 1

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Coefficient of Variation

Figure 4.1: The histogram plot of 210 CVs of women of having two spectrum readings only
at the lowest frequency (at 76.3 Hz) (161 CVs above 0.15), CV: coefficient of variation.
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0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
Coefficient of Variation
Figure 4.2: The histogram plot of 187 CVs of women of having three spectrum readings at
the lowest frequency (at 76.3 Hz) (166 CVs above 0.15), CV: coefficient of variation.

From the statistics, totally, 327 of 397 women’s coefficients of variation are more than 0.15
and the ratio is around 82.4%, thus the reliability of readings of the 327 women are regarded
as unacceptable according to the principle in [102] and the optimal readings need to be selected
in this work. Besides, Figure 4.3 illustrates what two spectrum readings over 14 frequencies
look like, from six women whose CVs are around 0.1, 0.3, 0.5, 0.7, 0.9 and 1.1 respectively.
Meanwhile, the amplitudes of three spectrum readings of 6 women are also illustrated in Figure
4.4 respectively. In Figure 4.3 and Figure 4.4, it is obvious to observe the differences among

spectrum readings with coefficients of variation 0.5 are equal to and more than 0.5.
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respectively, CV: coefficient of variation.

37



CV around 0.1
60
40
20
OC%I_C:A:""QAA -
0 5 10 15
CV around 0.5
60
E 40 | B
E
20 A SN
06059 8.
0 : W:T-f'-‘.——%—:—A
v 5 10 15
CVaround 0.9
60
40
20 TN {%ﬂ.‘{""i»-*’~;\ Q
oleesesoos o8 Bas o
0 5 10 15

15t to 14t of frequency

60

40

20

0

60

40

20

60

40

20

0

CVaround 0.3

\ I - ,‘., o~ : o ) o5 BN
E 5 10 L
CV around 0.7
: 5 10 b
CV around 1.1
@@@:@W ©-8-a-
- 5 10 B

15t to 14t of frequency

Figure 4.4: The illustration of what three spectrum readings (red, blue and yellow) over 14

frequencies look like, from six women whose CVs are around 0.1, 0.3, 0.5, 0.7, 0.9 and 1.1
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4.1.2 The Principle for Determination of Labels for EIS Spectrum

Readings

The data pre-processing is carried out to deal with the differences among spectrum readings
and select the optimum spectrum readings. Firstly, the 1022 EIS spectrum readings of 438
women are visualized using 2-D plots (Figure 4.5) in respect of the means of amplitudes of
PTB women’s spectrum readings and on-term birth women’s spectrum readings, and the means
of phases of PTB women’s spectrum readings and on-term birth women’s spectrum readings,
respectively. Observing from Figure 4.5, the means of amplitudes of PTB women’s spectrum
readings over lower frequencies are larger than on-term birth women’s and the differences are
smaller and almost equal to 0 with the frequencies increasing. The means of phases of on-term
birth women’s spectrum readings over first 9 frequencies are greater than PTB women’s and
the differences are consistent, while they are suddenly smaller than PTB women’s over the last
4 frequencies. There is almost no difference between means of phases of on-term birth and
PTB at 10™ frequency.

The difference between the means of amplitudes and phases of on-term birth and PTB women’s
spectrum readings is hypothesized that cervical tissues of on-term birth women and PTB
women have different compositions and remodelling processes during pregnancy, so that the
EIS impedances of on-term birth and PTB women’s cervical tissues present different. Based
on this hypothesis, the pseudo-code of the proposed principle for labelling is described in
Principle 4.1, to emphasize the differences. Eventually, all spectrum readings labelled with ‘1’
(selected to be optimal spectrum readings) of 438 women are visualized in respect of the means

of amplitudes and the means of phases over 14 frequencies (Figure 4.6).
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Principle 4.1 Determination of labels for EIS spectrum readings

Input: The recruited women of W = {wy,w,, ... ,w;}, for i =1,2,...,438, and i*® woman’s EIS

spectrum readings of w; = R}X14,f0rj = {1,2 or 3}.
Output: The EIS dataset with labelled spectrum readings.

1. forall w; in W do
2. if j=10fR}yq,
define p; = R}x14 and label p;with ‘1’ (selected EIS spectrum reading)
store p; and the label of p; in P
3. elseif j = 2
computer CV; of w;
if CV; < 0.15
define p; = mean(R}y,4, 1) and label p;with ‘1’
store p; and the label of p; in P
else
define p; = Rjx14(n, 1), where find n = max(sum(abs(R}x14),2))
remove p; from R}xlz}
label p; with ‘1° or ‘0’ depending on w; is PTB or on-term birth
define p, = R}XHwith the opposite label
store p; and p,, and the labels of p; and p, in P
end
4. elseif j = 3
computer CV; of w;
if CV; < 0.15
define p; = mean(R}y,4, 1) and label p, with ‘1’
store p; and the label of p; in P

else
computer CV's of any two rows of R}Xl 4

if there isa CV < 0.15
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mean two rows (that produced CV<0.15) by columns, and replace
two rows with the mean in R}XH, then go to step 3
else
if w; is PTB
define p; = R}y14(n, 1), and label with ‘1’
where find n = max(sum(abs(R}XH), 2))
else
define p; = R}XH(n, 1), and label with ‘1’
where find n = min(sum(abs(R}XH), 2))
end
remove p; from R}x1 4
define p, = R}yq4with the labels of ‘0’

store p; and p,, and the labels of p; and p, in P
end
end

end
end

5. Return the EIS dataset P with labelled spectrum readings.
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4.1.3 Polynomial Feature Construction

First of all, logistic regression model can describe the generalized linear relationship between
predictors (independent variables) and class posterior probability (dependent variable) in terms
of the logit function [103, 104],

p=— (4.2)

T 14ez

z=a+fx=a+ Bix;+ -+ BmxXnm (4.3)

p is the probability, ﬁ is the logit function, @ and S are parameters to be determined, and x

is a range of predictors.

Previous study of applying EIS features in prediction of PTB risk focused on linear EIS feature
structure and used the structure in logistic regression model [86]. However, the relation
between features and PTB risk could be nonlinear and more complex in actual. Hence, the
complicated feature structure should be considered to extend the potential relationships, so that
increase the performance of prediction of PTB risk. Considering of Equation 4.2, the
employment of complicated feature structure should remain the linear function between z and
parameters of a« and 8, meanwhile, represent the complicated relation between z and predictors
of x. To address this challenge, the polynomial feature structure is employed into logistic
regression to replace the linear structure, and the Equation 4.2 can be transformed with

polynomial feature structure [105] as,
z=a+Xp =1 Bi, Xy, + X8 =1 D=y BiyiyXi, Xiy T X8 o1 e Dhmiy—1 Biyiy i Xiy Xiy o X
(4.4)

where n is the number of predictors and [ is the polynomial degree of structure, which means
that the order of each term in structure is not higher than [. The total number of terms in

structure can be calculated in terms of n and [ by,

N = () = (4.5)

n!-l!
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4.1.4 Feature Selection Approaches

This work employs three feature selection approaches including 1) orthogonal point-biserial
correlation coefficient, 2) canonical correlation analysis and 3) two-stage canonical correlation

analysis. These approaches and their advantages will be introduced in details as follows.

1) Orthogonal point-biserial correlation coefficient: The point-biserial correlation coefficient
(BCC) 7, (X, Y) can be defined as a specific kind of the Pearson correlation coefficient [106],

and it can be computed by,

X,—X,
(X, Y) = 2—)(() ’% (4.6)

where X, is a set of variables whose corresponding Y is class of ‘1’ and X, is another set of
variables whose corresponding Y is class of ‘0’; X; is the mean of variables of X, and X,, is the
mean value of variables of X; oy is the standard deviation of variables of X; n, is the number
of Y that belong to class of ‘0’, n, is the number of Y that belong to class of ‘1°, and N is the
total number of variables. The BCC generally represents the linear correlation between
continuous variables and the dichotomous variable [106], so that BCC is an appropriate

correlation coefficient used to deal with binary classification problem.

Professor Solares and his colleague from University of Sheffield in 2017 proposed this
approach and suggested to replace the error reduction ratio (ERR) of orthogonal forward
regression (OFR) or orthogonal least square (OLS) algorithm with BCC [105, 107]. Then, the
processes of applied OBCC-based feature selection algorithm [105] are presented in Algorithm
4.1.

e First, select the maximum correlation as the first candidate, by calculating BCCs for all
normalized features. Calculate the 3-fold cross validation AUC with the selected feature

and y and store it.

e The second step is to orthonormalize the remaining features in terms of the chosen

feature at first step.
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e Then, calculate the BCCs of orthonormalized features and select the feature with
maximum value of BCC for next candidate till reach the maximum number that has
been set previously. Calculate the 3-fold cross validation AUCs of target ML (Target
ML is determined in term of the ML model served by OBCC-based feature selection.
For example, if OBCC-based feature selection serves LR, the target ML is LR.) with

the selected feature and y and store them.

e Finally, determine the final feature set in terms of 3-fold cross validation AUCs of target
ML.

Algorithm 4.1 OBCC-based feature selection algorithm

Input: The feature library of F = {f},f,... , fu}, the binary-class output y and the maximum

number of features to be selected 1,
Output: the final selected feature set

1. forall f;in F do

- Ji
2. Define w; = i
3. Calculate 7, (w;, y) and store it

4. end
5. Define q; = wj and s; = fj,
where find j = max{[rpb (W1, ¥), eee s T Wa M1}
6. Calculate 3-fold cross validation AUC of target ML with y and s, and store it in auc
7. Remove f; from F
8. for k = 2 to n,,,, do
9 for all f; in F

10. Orthonormalize f; in terms of [qy, ..., Gk—1]1x(k-1) tO get W;
11. Calculate 7, (w;, y) and store it
12. end

13. Define g, = w; and s, = fj,

where find j = max{[rpb (W, ¥), s T (WM'Y)]IX(M—k+1)}
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14. Calculate 3-fold cross validation AUC of target ML with y and [sq,...,Sk], and
store it in auc

15. Remove f; from F

16. end

17. Return the final selected feature set S = [sy, ..., S;n ], where find m = max{auc}

2) Canonical correlation analysis: In statistical analysis, canonical correlation analysis is a
comprehension of the cross-covariance matrix, and it can be used to express the linear relation
between two vectors of variables [108]. The principle is to extract two typical variables that
are two linear combinations of the variables from two vectors respectively [108]. Then, use the
correlation between two typical variables to reflect the overall relationship between two vectors

of variables.

In detail, X = {x,, x,, x5, -*x,}and Y = {y,, v,, v3, - y,,} are two vectors of variables of
X1, X3, X3, =+ Xpand yy, v,, v3, - V. The aim of CCA is to adjust the values of a and b to
make the correlation p = corr(aX,bY) maximum. Then, the maximum correlation is
regarded as the value of CCA. Compared with BCC, the significant character is that CCA can
present a global optimization of the combination of features [109], while BCC is the correlation
of single feature. The proposed CCA-based feature selection algorithm is demonstrated as

follows:
e Calculate CCAs for each candidate feature.

e Choose the feature with the highest value of CCA as the initial feature, calculate the 3-

fold cross validation AUC of target ML and store it.

e Then calculate the CCAs for combinations of the initial feature and each remaining
feature, choose the remaining feature that achieves the highest value of CCA with the

initial feature, calculate the 3-fold cross validation AUC of target ML and store it.

e Repeat the above step to choose the features with the highest value of CCA, till reaching

the setup number of features.

e Finally, determine the final feature set in terms of the stored highest values of AUCs.
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Theoretically, CCA can achieve the global optimization if considering overall combinations of
features. However, the candidate features are generally large-scale, so that there are huge
combinations of candidate features. In this case, the CCA-based feature selection algorithm

uses the forward selection approach, thereby achieving the local optimization only.

3) Two-stage canonical correlation analysis: The forward feature selection approach is used
widely with the properties of rapid and simple computation, where the principle of forward
feature selection approach is to choose one best-performed feature each time in terms of a
specific criterion and this process of choosing is repeated till reaching the desired number of
features. In this case, the forward feature selection approach possibly causes a problem of local
optimization. The combination of features, however, is hardly to achieve globally optimal. To
deal with this problem, there has been a two-stage fast recursive algorithm (TSFRA) [111] with
a novel idea of backward model refinement, besides forward selection methods. Based on the
TSFRA, a two-stage orthogonal least square method (TSOLS) [110] has been proposed to
improve the TSFRA’s problem of complicated and time-consuming process, using orthogonal
least square method to replace fast recursive algorithm in the section of forward selection [110].
The TSOLS method uses the error reduction ratio as a criterion. An improvement of replacing

ERR with CCA is carried out in present work to combine two-stage strategy and CCA.

The TSCCA approach, as the name implies, contains two stages to adjust the feature structure.
The first stage is forward subset selection that selects the well-performed features as an initial
feature structure from all candidate features in terms of the criterion of CCA. The second stage
is backward feature structure refinement that reviews the initial structure determined on first
stage, to justify if there are features in initial structure able to be replaced by the remaining
features that can achieve a better value of CCA. The proposed TSCCA-based feature selection

algorithm is shown in Algorithm 4.2.

e To be specific, F = {f1, f2, f3, far == = frr fas1, - fu} is the candidate feature library,
where f; is the jth candidate feature and M is the number of candidate features. Firstly,
forward subset selection approach is carried out in terms of the CCA-based feature
selection algorithm, to determine the initial feature structure of I =

{L, L, I3, 1, -~ I;<} where MS is the optimal number of features.
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e Then, start to review features in initial structure backward from (MS — 1)th to 1st,
and replace I,;,_, with each term in remaining library {fys+1, fus+2, = fu}- Replace
Iyys—1 With the feature that achieves the higher value of CCA and place it on the final
position in I, then carry on reviewing from (MS — 2)th. If there is no feature in
remaining library that achieves the higher value of CCA, place I,;5,_; on the final

position in I and continue to review from (MS — 2)th.

e Stop reviewing until all of features in I cannot be replaced with features in remaining

library and then obtain the refined feature set /.

Algorithm 4.2 TSCCA-based feature selection algorithm

Input: The feature library of F = {f, f5, f3, fa, = = frr fns1 - fu} and the binary-class output y
Output: The selected feature set [
Stage 1: forward subset selection

Determine the initial feature structure of I = {I;, I, I3, I, -+ Iy} in terms of the CCA-

based feature selection algorithm, and the remaining feature set is R =

{st+1' st+2' fM}

Return the initial feature structure of I, the remaining feature set of R and the optimal

number of features of MS.
Stage 2: backward feature structure refinement

1. forj=1:(MS—-1)
define R = {IMS—]"R} ={Ry, Ry, *Ry_ms+1}
remove Iyg_; from [
calculate the CCA;([1, R;],y)
define I = [I, R;], where find k = max (CCA;([I, R;],v))
remove R, from R

end
2. repeat the first step till [ does not change

3. return the selected feature set [
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4.2 Machine Learning Pipelines

The EIS dataset of 438 women was processed based on the principle of determination of labels
for EIS spectrum readings, so that each woman contains a result of selecting EIS spectrum
readings (label of ‘1’ for selected spectrum and label of ‘0’ for unselected spectrum), and
another result of PTB (label of ‘1’ for PTB and label of ‘0’ for on-term birth). The 438 women
were randomly split into 100 subsets of 66% women and 100 subsets of 34% women, and each
subset of 66% women consisted of 66% PTB women and 66% on-term birth women, similarly,
each subset of 34% women also consisted of 34% PTB women and 34% on-term birth women.

More details are shown as follows and Figure 4.8.

438 recruited women at PTB risk are,
e  of 64 preterm births (14.6%),
e  of 374 on-term births (85.4%),
e splitinto a subset of 290 women including 43 preterm births and 247 on-term births,

e splitinto a subset of 148 women including 21 preterm births and 127 on-term births.

a subset of 290 women trainlD

Split into
438 recruited women

a subset of 148 women testiD

Figure 4.8: The splitting process showing how 438 women were split into trainlDs and
testIDs. The testID was unseen to the trainlD. The splitting process was repeated 100 times to
obtain 100 trainIDs and 100 testIDs.

In terms of the information of 438 of recruited women, the ratio of PTB women and on-term
birth women was around 1:5.8, so that the subsets were unbalanced, which may lead to a biased
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machine learning model predicting towards the class of majority. Additionally, the EIS features
would be extended by polynomial feature structure, causing a high dimension problem, which
may result in poor accuracy on unseen data because of overfitting issue of machine learning
model to training sets. To deal with the problems, a machine learning pipeline for training
optimal-EIS spectrum filter and a machine learning pipeline for training EIS-based PTB risk

prediction model were proposed in detail as follow.

4.2.1 A Machine Learning Pipeline for Training Optimal-EIS

Spectrum Filter Models

The proposed machine learning pipeline for training optimal-EIS spectrum filter model is as
demonstrated in Figure 4.9. Firstly, for training optimal-EIS spectrum filter model, a training
set (trainsetl) included all EIS readings of a trainlD and the EIS readings’ labels (label of ‘1’
for selected spectrum and label of ‘0’ for unselected spectrum), in total, 100 trainsetls were

generated and each trainsetl consisted of all readings of 290 women and readings’ labels.

After that, for each trainsetl, the mean, standard deviation (STD) and centroid of amplitudes
and phases of EIS spectra were calculated respectively, therefore, six statistics features were
obtained and combined with 28 EIS features. Then, the polynomial feature structure with three

nonlinear degree was used to the 34 features, and the trainsetl was extended to 7770 features

( (:l;lll)' = (iif_:?! = 7770). The OBCC-based feature selection approach with a maximum

number of features n,,,, = 16 (according to experiment) was used to choose 16 features,
feature by feature. Once a feature selected into the feature set, a SVM model was trained
between the feature set and readings’ labels, and a 3-fold cross validation AUC of SVM was
computed and saved. Then, the optimal number of features was determined according to the
highest 3-fold cross validation AUC of SVM. Finally, a SVM model as the optimal-EIS
spectrum filter model was trained on the trainsetl with the optimal combination of features.
The optimal-EIS spectrum filter model trained on each corresponding trainsetl was saved to
select optimum EIS spectra for the corresponding testing set. Therefore, total 100 optimal-EIS
spectrum filter models were trained and saved. The description of trained optimal-EIS spectrum

filter model is shown in Table 4.4.
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Algorithm 4.3 Machine learning pipeline for training optimal-EIS spectrum filter models

Input: The 100 trainsetls, and the maximum number of features to be selected 1,4,

Output: SVM models and optimal numbers of features for all SVM models

1.
2.
3.

for all trainsetl; of trainsetls do
Calculate mean, STD and centroid of trainsetl; and add them into trainsetl;
Transform trainsetl; to polynomial features with [ nonlinear degree, as

Poly_trainsetl;

4, Implement OBCC-based feature selection approach with 3-fold cross validation of
SVM

5. Define F = {fl, fnmax}’ the selected features

6.  Define AUC = {AUC,, - AUC,__ }, the 3-fold cross validation AUCs of SVM

7. The optimal combination of features is defined P = {fl, f]}, where find j =
max {{AUC,, - AUC,, . }}

8. Train a SVM model with the optimal combination of features, P = { fi, fj}

9. Save the SVM model and optimal number of features, j

10. end

11. Return SVM models and optimal numbers of features for all SVM models
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28 EIS features

mean of amplitude

add statistics features

mean of phase
a trainset] > polynomial feature structure
STD of amplitude (7770 features)

STD of phase
centroid of amplitude
centroid of phase / v \
select [fy, ..., f; ] using OBCC-
based feature selection approach,
compute and store 3-fold cross
validation AUCs of SVM between
[f1, ..., f;] and delivery result, i =
1,..,Dpa =16
determine the optimal number of
features in terms of the highest 3-
fold cross validation AUC
SVM classifier (Optimal S i )
EIS spectrum of features i
filter model)

Figure 4.9: The proposed machine learning pipeline for training optimal-EIS spectrum filter
model. EIS: electrical impedance spectroscopy, STD: standard deviation, AUC: area under
the receiver operating characteristic curve, SVM: support vector machine, OBCC: orthogonal

point-biserial correlation coefficient.

Table 4.4: The description of Optimal-EIS spectrum filter model, which used the SVM as a
classifier and OBCC-based feature selection approach to select features in advance. SVM:

support vector machine, OBCC: orthogonal point-biserial correlation coefficient.

Optimal-EIS spectrum filter model

Classifier Feature selection approach
SVM OBCC-based
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4.2.2 A Machine Learning Pipeline for Training EIS-based PTB

Risk Prediction Models

The proposed machine learning pipeline for training EIS-based PTB risk prediction model is
as demonstrated in Figure 4.10. Firstly, for training EIS-based PTB risk prediction model, a
training set (trainsetll) included optimal readings (determined according to the proposed
optimal reading principle) of a trainlD and their results of delivery (label of ‘1’ for PTB and
label of ‘0’ for on-term birth), in total, 100 trainsetlls were generated and each trainsetll

consisted of optimal readings of 290 women and their delivery results.

Then, each trainsetll was oversampled using the Borderline-SMOTE1 [112], which randomly
generated 204 new synthetic data of PTB and added them into the trainsetll to balance the
classes of ‘0’ and ‘1°. After that, the polynomial feature structure was used to represent the
nonlinear correlation of features. The OBCC-based, CCA-based and TSCCA-based feature
selection approaches were applied to select the optimum combination of features, where 3-fold
cross validation of LR was used to determine the number of features. Finally, three LR models
as EIS-based PTB risk prediction models were trained on the balanced trainsetll with the three
selected combinations of features. More details and setups of the process are described as

follows.

1) Oversampling: To balance the trainsetll, the Borderline-SMOTE1 [112] is an oversampling
approach which can over-sample the minority examples and majority examples near the
borderline only, since classifying the examples near borderline is a common challenge of most
of classifiers. The parameters of Borderline-SMOTEL approach include m, pnum and nnum,

where m is a number to create the borderline, for example, if a minority example has n nearest

neighbours of majority examples and %S n < m, this minority example is regarded as

‘DANGER’ and used to generate the new data; pnum and nnum are the numbers of new
minority examples and new majority examples. In this work, m, pnum and nnum were set up

as 10, 204 and 0, so that 204 new PTB data were generated to balance the trainsetll.

2) Polynomial Feature Structure: The polynomial feature structure with a given nonlinear

degree of four was used to the 28 EIS features, after that, the balanced trainsetll was extended
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to 35960 features ( (’::lll)!: (zzt:)!=35960 ). The polynomial features have a high

dimensionality, which can lead to overfitting and time-consuming problems in training process.

To deal with the problems, feature selection approaches were employed in next step.

3) Feature Selection: In this step, OBCC-based, CCA-based and TSCCA-based feature
selection approaches were used to select three optimum combinations of features from 35960
polynomial features. The maximum numbers of features to be selected of OBCC-based and
CCA-based feature selection approaches were both set up as n,,,, = 16 (according to
experiment). The OBCC-based feature selection approach and the CCA-based feature selection
approach chose 16 features, feature by feature, respectively. Once a feature selected into the
feature set, a general LR model was trained between the feature set and delivery results, and a
3-fold cross validation AUC of LR was computed and saved. Then, the optimal number of
features was determined according to the highest 3-fold cross validation AUC of SVM. For
TSCCA-based feature selection approach, since its first stage was to implement CCA-based
feature selection approach, its optimum number of features was determined by the CCA-based
feature selection approach at first stage. Then, TSCCA-based feature selection approach started
to refine the temporary optimum combination of features at second stage to obtain the final

optimum combination of features.

4) Train Logistic Regression: In this step, for each trainsetll, three logistic regression models
(shown in Table 4.5) were trained on the balanced trainsetll with three selected combinations
of polynomial features respectively. The models of each corresponding trainsetll were saved

to test the corresponding testing set.

Table 4.5: The description of three kinds of EIS-based PTB risk prediction models. OBCC:
orthogonal point-biserial correlation coefficient, CCA: canonical correlation analysis, TSCCA:

two-stage canonical correlation analysis.

EIS-based PTB risk prediction models

Classifier Feature selection approach
logistic regression OBCC-based
logistic regression CCA-based
logistic regression TSCCA-based
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oversampling (
‘ a trainsetll I :L balanced trainsetIl

[ OBCC-based LR ]ﬂ—

CCA-based LR

a— terms of the

TSCCA-based LR

Figure 4.10: The proposed machine learning pipeline for training EI1S-based PTB risk
prediction model, and the training process repeated on 100 trainsetll, so 100 OBCC-based
LR, CCA-based LR and TSCCA-based LR models were trained and saved. AUC: area under
the receiver operating characteristic curve, LR: logistic regression, OBCC: orthogonal point-

biserial correlation coefficient, CCA: canonical correlation analysis, TSCCA: two-stage
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4.3 Results of EIS-based PTB Risk Prediction

In this section, performances of training and testing optimal-EIS spectrum filter models and
EIS-based PTB risk prediction models are displayed as follows, in terms of median, mean,

minimum and maximum of training AUCs on 100 trainsetls and 100 trainsetlls, respectively,

and of testing AUCs on 100 testIDs (generated in Chapter 4.2 in advance).
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For the testing process, 100 trained optimal-EIS spectrum filter models were used to select the
optimum EIS spectra for the 100 corresponding testIDs, and the selection results were used to
test optimal-EIS spectrum filter models. The selected EIS spectra were then input the
corresponding EI1S-based PTB risk prediction models, which output probabilities of PTB risk,
and the probabilities were used to test EIS-based PTB risk prediction models. Also, best
performances of the optimal-EIS spectrum filter and the EIS-based PTB risk prediction model
are illustrated including number of features, training and testing AUCSs, sensitivity and

specificity.

4.3.1 Results of Optimal-EIS Spectrum Filter Models

The training and testing performances of 100 optimal-EIS spectrum filter models (OBCC-
based SVM classifiers) are illustrated in Table 4.6 below. Training AUCs of 100 optimal-EIS
spectrum filters ranged from 0.61 to 0.78 with the numbers of features from 6 to 16, and testing
AUCs were from 0.57 to 0.71. Additionally, Table 4.7 showed that an optimal-EIS spectrum
filter model with the highest testing AUC of 0.71 (95% CI: 0.64 — 0.78) was trained with 10
features and performed a training AUC of 0.67 (95% CI: 0.61 — 0.73).

Table 4.6: The training and testing performances of 100 optimal-EIS spectrum filter models.
OBCC: orthogonal point-biserial correlation coefficient, SVM: support vector machine, AUC:

area under the receiver operating characteristic curve.

100 optimal-EIS spectrum filter models

Classifier Training AUC Testing AUC
mean 0.71 0.63
OBCC-based SVM minimum 0.61 0.57
maximum 0.78 0.71
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Table 4.7: The best performance of the optimal-EIS spectrum filter model. OBCC: orthogonal
point-biserial correlation coefficient, SVM: support vector machine, AUC: area under the

receiver operating characteristic curve, CI: confidence interval.

The best optimal-EIS spectrum filter model

. Training AUC Testing AUC
Classifier Features (95% CI) (95% CI)
OBCC-based SVM 10 0.67 (0.61 —0.73) 0.71 (0.64 —0.78)

4.3.2 Results of EIS-based PTB Risk Prediction Models

The training and testing performances of 300 EIS-based PTB risk prediction models (100
OBCC-based LR models, 100 CCA-based LR models and 100 TSCCA-based LR models) are
illustrated in Table 4.8 and Table 4.9 below. Training AUCs of 100 OBCC-based LR models
ranged from 0.76 to 0.88, training AUCs of 100 CCA-based LR models ranged from 0.75 to
0.88, and training AUCs of 100 TSCCA-based LR models ranged from 0.77 to 0.89 (all models
were trained with four to eight features). Testing AUCs of 100 OBCC-based LR models were
between 0.23 and 0.85, testing AUCs of 100 CCA-based LR models were between 0.23 and
0.83, and testing AUCs of 100 TSCCA-based LR models were between 0.23 to 0.81. In testing
performances, there were a few extreme testing AUC values ranging from 0.23 to 0.3, which
would affect the overall performance. Therefore, the median AUC was employed comparing
to the mean AUC, to present the distribution of AUCs, reveal potential limitations of the

proposed machine learning strategy and propose improvements.

Additionally, Table 4.10 and Table 4.11 showed that an OBCC-based LR model with the
highest testing AUC of 0.85 (95% CI: 0.77 — 0.93) was trained with six features and performed
a training AUC of 0.81 (95% CI: 0.74 — 0.86); a CCA-based LR model with the highest testing
AUC of 0.83 (95% CI: 0.75 — 0.91) was trained with eight features and performed a training
AUC of 0.80 (95% CI: 0.73 — 0.85); and a TSCCA-based LR model with the highest testing
AUC of 0.81 (95% CI: 0.74 — 0.88) was trained with seven features and performed a training
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AUC of 0.80 (95% CI: 0.73 — 0.85), respectively. Also, the three Receiver Operating
Characteristics (ROC) curves were plotted in Figure 4.11(left) to present training performances
of the best OBCC-based LR model, the best CCA-based LR model and the best TSCCA-based
LR model, and the three ROC curves were plotted in Figure 4.11(right) to present their testing
performances.

60



(96°0 ‘¥0°0) S9°0 ‘€£°0 (16°0°£2°0) T9°0 ‘€9°0 (18°0 ‘€2°0) €£9°0 '89°0 S[epouwr YT paseq-vODSL 001

(960 '10°0) 99°0 ‘€£°0 (68°0 ‘2€°0) €9°0 ‘¥9°0 (€80 ‘€2°0) 99°0 ‘0L°0 S[opow YT P3seq-vDD 001
(06°0 '10°0) S9°0 ‘¢£°0 (S6°0 ‘2€°0) ¥9°0 ‘£9°0 (S8°0‘€2°0) 89°0 ‘L0 s[opouwt YT Paseq-DD40 001

(xew ‘urwr) ueow ‘ueIPIW (xew ‘urur) uedW ‘UBIPIW (xew ‘urwr) ueowW ‘UBIPIW
Amoyroads Aranisuag oNny Sunsa, sjepow g1.d

spppow uond1paxd ysu g 1d PIseq-SId 00€

"18s Bulures) uo
Xapur s, uapno A Surzrurxew Aq juiod Bunesado rewndo ayr Buisn paurelqo aiam Aldi410ads pue A1IARISUaS “(sjapow Y1 paseq-wIIS1 00T pue
S[apow Y7 pased-vI2 00T ‘S|opow ¥ paseq-009d0 00T) S|9pow uonoipaid Xsu g1d paseq-S13 00€ 40 saouewopiad Bunssl syl 6y s|qe.L

(960 ‘09°0) 9£°0 ‘9£°0 (€6'0 ‘65°0) 82°0 ‘6L°0 (68°0°2L°0) €8°0 ‘€8°0 S[opow YT Paseq-vDISL 001
(z6'0‘09°0)9L°0°LL0 (S6°0 ‘65°0) 82°0 ‘6L°0 (88°0‘5£°0) ¢8'0 ‘¢80 S[opoW YT P3seq-vDD 001
(260 65°0) SL'0 ‘SL°0 (€6'0 ‘19°0) 6£°0 ‘08°0 (880 ‘92°0) ¢8'0 ‘¢80 s[opout YT Paseq-D040 001

(xew ‘urur) uedwW ‘URIPAW (xew ‘urwr) ueawW ‘UBIPIW (xew ‘urwr) ueowW ‘UBIPIW
Aoyoads Aranisuag DNV Sururery, sjopowr g1.d

spppour uondIpaid ysi g Ld PIseq-STd 00€

"aAINd d11sua)oeIeyd Bunelsdo JaAlsdal 8yl Jepun eale ;DN ‘uolssalbal 911s160] 1y ‘SISAjeue uone|a1lod
[eolIUOURD 3beIS-0M] \YDDSL ‘SISAJeur UONRISII0I [eIIUOURD DD ‘1UBIJILB09 UOIRI31I09 [eliasig-lulod Jeuoboyro :DDgO '18s Bulures uo
Xapur s, uopno A Jurzrrxew £q juiod Buiesado jewndo ayy Buisn paureigo aiam A191119ads pue A1IANISUSS “(S[apow Y paseq-vIDSL 00T pue
S[apow Y Pased-wOD 00T ‘SI3PoW ¥ Pased-0290 00T) Siapow uondipaid %Sk g1 d paseq-S13 00€ 40 ssouewopiad Buluren syl :g'y sjqel

61



1000°0> 08'0 S9°0 (88°0—+L0) 180 A1 Peseq-vDISL

1000°0> €8°0 L9°0 (160—-6L0) €870 A1 Paseq-vIO
1000°0> £8°0 0L0 (€60—LL0) S8°0 AT Paseq-D090
onjea-d Aroyroadg Aranisuog (1D %S6) DNV Sunsay, sjopow g1.d

spppowr uonarpaxd ysL g Ld PAseq-SI 399 YL

"1591-1 9|dwes-om] sy}
Buisn paureiqo alem senjea-d ‘uiod Bunresado fewndo ayy Buisn paureigo alam Ald1419ads pue AIANRISUSS *(Japow Y paseq-vOISL pue

‘[apow Y pased-w DD ‘19pow Y paseq-0090) SI9pow uonoipald su g1d paseq-Si3 Jo seouewlopad Bunss 1saq 8yl (TT'y alqel

1000°0> 99°0 €80 ($8°0—€L°0) 080 L T Paseqd-VOOSL
T0000°0> 990 €80 (S8°0—€L0) 0870 8 AT Paseq-vDD
10000°0> 89°0 S8°0 (98°0—L'0) 18°0 9 1 Paseq-25D4d0O
onpea-d Koygroadg KJIATISUDG (1D %S6) DNV Suturer], sarmjesa s[epow g1.d

spppow uona1paad YsU g 1Ld PISeq-SId 1599 YL

159]-1 S JUapMIS Yl Buisn paulelqo atam sanjen-d ((8T°0 = |9poW ¥ pPaseq-wDDS.L Jo wuiod Bunesado rewndo
pue ‘2T°0 = [3pow Y7 paseq-wDD 4o lulod Bunelado jewndo ‘€T°0 = [spow Y paseq-024do 4o wiod Bunesado jewndo) 1es Buluren uo
xoput s uopno X Surzrurxewt £q juiod Buryelado fewndo ay) Buisn paurelgo atam Ajoiy1oads pue AARISUSS “(japow ¥ pased-YOOS1 pue
‘lapow Y paseq-wID ‘[8pow ¥ pased-O204d0) s|epow uonaipald su g1 d paseq-S|3 40 saouewoiad Bulutel) 1seq 8yl :0T'v 91qe.L

62



"uolssalbal 011s160] 47 ‘SISAeue uoIR|91102 [RIIUOURD 3beIS-0M) (W DDSL

‘sisAjeue UOITe[81109 [EJIUOUERD 1\YDD ‘JUSIJILB0D UOITR[31J0D [elasig-lulod [euoBoyllo :00gQ “sedueuriojrdd Sunsd) oy Sunordop soAImd
(O0Y) sonsteoeIey) unerad( 191009y Jo (3ySL1) 10[d AU, [opowr YT Paseq-YIDSL 1529 Y} pue [opowt YT Peseq-y D 159q ) ‘[opo Y]
paseq-DDFO 1529 a3 Jo saoueunrojrad ururen ayj Sunordap saAInd (DOY) sonsudderey)) Sunerdd( JARIIY Jo (¥or) jo1d oyl 1T a4nbi4

Ayoiyioeds-|
60 80 L0 90 S0 0 £0 z0 1’0 0

Ayoyioads-|
I 60 80 L0 90 S0 ¥'0 €0 c0 1’0 0 I
T T T T T T T T T T O T
(18°0 = ONV) Y1 Peseq-yOOSL 1seq
(€80 = ONV) Y1 Peseg-v¥O) ¥seq 1o
(58°0 = ONv) Y1 Peseq-00g0 1seq
c0
€0
v0
w
(0]
i |
502
<
Z
90
L0
80
60

T T T T T T T T T

(08’0 = ONv) Y1 Peseq-yODSL 1seq
(08’0 = ONV) U1 Paseq-yOD iseq
(18°0 = ONY) Y1 Peseq-0080 1s8q

L0

c0

€0

0

]
o
Aynyisueg

©
o

e
=]

80

60

63



4.4 Discussions

The performances based on the proposed machine learning strategy in this work were compared
with a general machine learning strategy, which excluded training the optimal-EIS spectrum
model, oversampling the imbalanced training set, or determining optimal feature counts using
k-fold cross validation. According to the general machine learning strategy, each woman’s EIS
spectra were averaged firstly, and the result was used to train a PTB risk prediction model.
OBCC-based, CCA-based and TSCCA-based feature selection approaches were also used to
determine the optimum combination of features with a fixed number of features (10 features).
The training sets and testing sets were also generated from 100 trainIDs and 100 testIDs (split
in advance). Then, a logistic regression was employed as a classifier, so that 100 OBCC-based
LR models, 100 CCA-based LR models, and 100 TSCCA-based LR models were trained based
on this strategy. Their training performances and testing performances were evaluated on 100
training sets and 100 testing sets respectively, and the performances were presented as median,
mean, minimum, and maximum AUC, sensitivity, and specificity. Table 4.12 and Table 4.13
present the training and testing performance comparison between the proposed strategy in this

work and the general strategy for the EIS-based PTB risk prediction.

From the Table 4.12 and Table 4.13, either training performances or testing performances of
the proposed EIS-based PTB risk prediction models on EIS data for 438 recruited women were
much better than that of the general PTB risk prediction models. The highest median and mean
training AUCs were 0.83 and 0.83 (given by 100 proposed TSCCA-based LR models), which
were better than the highest median and mean training AUCs of 0.76 and 0.76 (given by 100
general TSCCA-based LR models). Also, the highest median and mean testing AUCs were
0.72 and 0.68 (given by 100 proposed OBCC-based LR models), which were better than the
highest median and mean testing AUCs of 0.53 and 0.52 (given by 100 general OBCC-based
LR models).
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4.5 Conclusion

This chapter has applied machine learning techniques to analyse the cervical EIS data measured
at 19-23 weeks’ pregnancy duration for PTB prediction risk. Two machining learning pipelines
were proposed to train the optimal-EIS spectrum filter model and the EIS-based PTB risk
prediction model, so that 100 OBCC-based SVM models (optimal-EIS spectrum filter models)
were created, and 300 EIS-based PTB risk prediction models ((100 OBCC-based LR models,
100 CCA-based LR models and 100 TSCCA-based LR models) were obtained. The best
optimal-EIS spectrum filter model had the highest testing AUC of 0.71 (95% CI: 0.64 — 0.78).
The best EIS-based PTB risk prediction model (from an OBCC-based LR model) performed
the highest testing AUC of 0.85 (95% ClI: 0.77 — 0.93, sensitivity: 0.70, specificity: 0.87).

Furthermore, comparing the proposed PTB risk prediction models in this work to PTB risk
prediction models based on a general machine learning strategy, performances of the proposed
PTB risk prediction models had obvious improvements on either training or testing EIS data.
So, the optimal-EIS spectrum selection principle, training optimal-EIS spectrum filter model
and determining optimal number of features have seemed to achieve the improvement on

accuracy of PTB risk prediction, and met the challenge of EIS data heterogeneity.
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Chapter 5

5. EIS and Maternal Characteristics-based
PTB Risk Prediction

This chapter was a continuation of the prior work in Chapter 4, with the objective of proposing
a combining approach that combined a cervical EIS-based PTB risk prediction model with a
maternal characteristics-based PTB risk prediction model for a more accurate PTB risk
prediction. The present work tried to improve the accuracy of PTB risk prediction based on
maternal characteristics data alone or cervical EIS data alone, since the combined model
involved integrating the predictions of numerous models [118-120], each of which used
different types of input information to generate a prediction which often achieved a better

performance of prediction.

Based on this hypothesis, the work proposed a models-combining approach to combine a
cervical EIS-based PTB risk prediction model and a maternal characteristics-based PTB risk
prediction model. Cervical EIS data were measured from 438 women at 19 to 23 weeks’
gestation and their maternal characteristics data were also recorded including demographics
and obstetric data. Besides, CL and fFN data of the 438 women were also applied as a
comparison for PTB risk prediction. Three machining learning pipelines were proposed to train
the maternal characteristics-based PTB risk prediction model, the CL/fFN-based PTB risk
prediction model, and the E1S-based PTB risk prediction model. After that, a SVM model and
a LR model were employed to combine two probabilities of a maternal characteristics-based
PTB risk prediction model and an EIS-based PTB risk prediction model. Finally, training and
testing performances of each model were displayed and analysed, and the results were also

compared with the existing PTB risk prediction models.
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5.1 Data Analysis

In this chapter, a total of 438 women recruited by the ECCLIPPx™ project were also applied,
whose ages ranged from 17 to 45. 197 of women had a higher risk of premature birth (45%),
241 of women had a lower risk of preterm birth, 374 of women delivered on term (85.4%), and
64 of women delivered prematurely (14.6%). These women visited at between 19 to 23 weeks
of gestation, and the ECCLIPPx™ group collected their maternal characteristics including
demographics and obestric history, measured their CL, tested and recorded their fFN values,

additionally measured EIS spectra. These data were described and analysed as follows.

1) Maternal characteristics: Maternal characteristics (Table 5.1) consist of demographics and
obstetric history, where demographics are 438 women’s age, smoking behaviour, alcohol-
taking behaviour in their pregnancy, non-prescribed medicine behaviour in pregnancy and BMI,
and obstetric history recorded the numbers of previous preterm births and on-term births, the
number of previous pregnancies, the number of previous early miscarriages and mid-trimester
(13 to 28 weeks of gestation) pregnancy loss. Of these, women’s age and BMI, and all records
of obstetric history are numerical data type, while smoking behaviour, alcohol-taking
behaviour and non-prescribed drugs-taking behaviour in pregnancy are Yes/No data type. The

Yes/No data were processed by labelling ‘Yes’ as ‘1° and labelling ‘No’ as ‘0.

More details are illustrated in Table 5.2. 368 of 438 women (84%) had no smoking history,
while 70 women smoke. 399 of 438 pregnant women (91%) did not take alcohol, while 39 of
women had alcohol in pregnancy. 350 of 438 women (80%) did not take non-prescribed
medicines during pregnancy, while 88 women took in pregnancy. In addition, 438 women’s
BMI ranged from 17.6 to 49.7. In terms of obstetric history, 62.8% of the women (275 of 438
women) had no previous preterm births, while 30.6% of them experienced one premature
delivery and 6.6% of them had two to four premature births. 58.2% of the women (255 of 438
women) had no previous on-term births, while 27.4% had one on-term delivery only and 14.4%
had more than one on-term births. 25.8% of women (113 of 438 women) had never been
pregnant before, while 26% of women had one pregnancy, 20.3% of them experienced two
prior pregnancies and 27.9% of them had three or more prior pregnancies. 69.5% of women
(304 of 438 women) did not previously experience an early miscarriage, while 22% of the
women had a prior early miscarriage and 8.5% of them experienced two or more previous early

miscarriages. 88.4% of women (387 of 438 women) did not experience a miscarriage during
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the second trimester. The remaining 11.6% of women experienced at least one miscarriage

during the second trimester.

Table 5.1: Maternal characteristics of 438 recruited women.

Type

Characteristics

Demographics

Age (numeric)
Smoker (Yes/No)
Alcohol in pregnancy (Yes/No)
Non-prescribed medicine in pregnancy (Yes/No)
Body Mass Index (BMI) (numeric)

Obstetric History

Number of preterm births (numeric)
Number of on-term births (numeric)
Number of previous pregnancies (numeric)
Number of previous early miscarriages (numeric)

Number of mid-trimester pregnancy loss (numeric)

Table 5.2: The statistics of maternal characteristics of 438 recruited women.

Characteristics Description
Age (numeric) 17 to 45
Smoker (Yes/No) 70 /368
Alcohol in pregnancy (Yes/No) 39/399
Non-prescribed drugs in pregnancy (Yes/No) 88 /350
Body Mass Index (BMI) (numeric) 17.6 to 49.7
Previous preterm births (Yes/No) 163 /275
Previous on-term births (Yes/No) 180 /255
Previous pregnancies (Yes/No) 325/113
Previous early miscarriages (Yes/No) 134 /304
Previous mid-trimester pregnancy loss (Yes/No) 51/387

2) Cervical length and fetal fibronectin: CL and fFN were measured and tested for 438 women

(Figure 5.1) at their visits between 19 to 23 weeks of gestation. Cervical lengths of 438 women
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ranged from 9 mm to 66 mm, with average of 37.6 mm, 374 of that were from on-term birth
women ranging from 18 mm to 66 mm and with average of 38.7 mm, while 64 of that were
from preterm birth women with the range from 9 mm to 53 mm and a shorter average cervical
length of 31.3 mm. Additionally, fFN test values of 438 women ranged from 1 to 497 ng/ml
and the average was 27.4 ng/ml, that of on-term birth women were from 1 to 497 ng/ml and
with average of 20.6 ng/ml, while that of preterm birth women were from 1 to 453 ng/ml and

with a much higher average of 66.9 ng/ml.

More detailed statistics of CL and fFN test values were concluded in Figure 5.2. For on-term
birth women, 9.6% of them (36 of 374 women) were with cervical lengths less than 33 mm,
3.2% of whose cervical lengths were less than 25 mm. Whereas, for preterm term birth women,
42.2% of them (27 of 64 women) were with cervical lengths less than 33 mm, 25% and 3.1%
of whose cervical lengths were less than 25 mm and 15 mm respectively. Regarding fFN test
values, 8.8% of on-term birth women (33 of 374 women) had values more that 50 ng/ml and
1.9% of values were more than 200 ng/ml. However, 34.4% of preterm birth women had fFN

test values greater than 50 ng/ml and 15.6% of values are greater than 200 ng/ml.
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The statistics of cervical length and fetal fibronectin of 438 recruited women
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Figure 5.1: The histogram showing maximums, minimums, means and standard deviations
of cervical length (CL) and fetal fibronectin (fFN), overall 438 women, 64 preterm women,

and 374 on-term women.

More statistics of cervical length and fetal fibronectin of 438 recruited women
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Figure 5.2: The histogram showing the distributions of cervical length (CL)’s ranges and

fetal fibronectin (fFN)’s ranges of preterm women and on-term women.
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3) Electrical impedance spectroscopy data: 438 recruited women measured their EIS spectra
over 14 frequencies ranging from 76.3 Hz to 625 kHz at between 19 to 23 weeks of gestation.
The EIS spectra were a complicated structure consisting of amplitude and phase or real and
imaginary parts. In addition, there were 28 EIS features measured once for each woman, and
the measurements were performed between one and three times at random throughout their
visits. Therefore, 438 women have a total of 1022 spectrum readings, with 41 women having
just one spectrum reading, 210 women having only two spectrum readings, and 187 women
having three spectrum readings. All EIS spectra of each woman were processed in terms of the
proposed principle for determination of labels for EIS spectrum readings (Principle 4.1 in
Chapter 4), to emphasize the differences cervical tissues between preterm birth women and on-
term birth women, and the statistics of amplitudes and phases of selected EIS spectrum readings
of preterm birth women and on-term birth women over 14 frequencies were calculated and
concluded in Figure 5.3 and Figure 5.4, respectively. After labelling for EIS spectra, the EIS
dataset included selection results (label of "1' for selected spectrum and label of '0" for
unselected spectrum) and delivery results (label of '1' for preterm birth and label of '0’ for on-
term birth).
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5.2 Methodology

This work was to 1) train maternal characteristics-based, CL-based and fFN-based PTB risk
prediction models, and 2) combine maternal characteristics-based and EIS-based PTB risk
prediction models. To achieve it, firstly, three machine learning pipelines were proposed below,
for training maternal characteristics-based, CL/fFN-based and EIS-based PTB risk prediction
models respectively. Then, two approaches of combining models were proposed in details
below, including the support vector machine as a combiner and the logistic regression as a
combiner to combine maternal characteristics-based and EI1S-based PTB risk prediction models,
by inputting probabilities from the maternal characteristics-based model and the EIS-based
PTB risk prediction model into SVM and LR classifier and outputting a final probability of
PTB risk.

5.2.1 Machine Learning Pipelines

The training sets and testing sets were generated according to 100 trainlDs and 100 testIDs
(split in Chapter 4 in advance). Each trainlD had 290 women including 43 preterm births and
247 on-term births, and each testID had 148 women including 21 preterm births and 127 on-
term births.For training maternal characteristics-based model, a maternal characteristics
training set included maternal characteristics data of a trainlD and their delivery results (label
of ‘1’ for PTB and label of ‘0’ for on-term birth). For training CL/fFN-based model, a CL/fFN
training set included CL/fFN data of a trainlD and their delivery results (label of ‘1° for PTB
and label of ‘0’ for on-term birth). Also, a trainsetl and a trainsetll (used in Chapter 4) were
used to train optimal-EIS spectrum filter model and EIS-based PTB risk prediction model

respectively.

1) A machine learning pipeline for training maternal characteristics-based PTB risk
prediction models: This machine learning pipeline for training maternal characteristics-based
PTB risk prediction model is illustrated in Figure 5.5. Firstly, to balance the classes ‘0’ and ‘1°,

each maternal characteristics training set was oversampled using the Borderline-SMOTE1
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technique [112] (principle explained in Chapter 4), which produced new synthetics of the PTB
EIS data and added them into the maternal characteristics training set. The balanced maternal
characteristics training set was not transformed to polynomial feature structure, since the
maternal characteristics training set consisted of integers ranging from 0 to 45 and more than
half of values were 0, so that the transformation to polynomial feature structure would mostly
lead to a sparse matrix. Therefore, the balanced maternal characteristics training set was used
directly to train the SVM model. Its kernel function was set to ‘rtbf” and the other parameters
of ‘BoxConstraint’ and ‘KernelScale’ were optimized using Bayesian Optimization with a

custom function of computing 5-fold cross validation AUC.

a maternal characteristics W oversampling ‘( balanced maternal
training set J 'L characteristics training set

‘KernelFunction’was set to ‘rbf’.
‘BoxConstraint’ and ‘KernelScale’ were optimized
using Bayesian Optimization with a custom function

of computing 5-fold cross validation AUC.

.

maternal characteristics-based SVM Jw

Figure 5.5: The proposed machine learning pipeline for training maternal characteristics-
based PTB risk prediction model, and the training process repeated on 100 maternal
characteristics training sets, so 100 maternal characteristics-based SVM models were trained
and saved. AUC: area under the receiver operating characteristic curve, SVM: support vector

machine.

2) A machine learning pipeline for training CL/ fFN-based PTB risk prediction models: The

machine learning pipeline for training CL-based and fFN-based PTB risk prediction models is
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presented in Figure 5.6, which was a simple machine learning pipeline without polynomial
feature structure or any feature selection approach. Each CL/fFN training set was oversampled
using the Borderline-SMOTEL technique [112], and then the balanced CL/fFN training set was
used to train a CL/fFN-based logistic regression model, with 5-fold cross validation

determining the logistic regression’s parameters.

w oversampling (
a CL/AFN training set > balanced CL/fFN training set

) L

with 5-fold cross
validation determining
the LR’s parameters

CL/fFN-based LR }:

Figure 5.6: The machine learning pipeline for training CL/fFN-based PTB risk prediction
models, and the training process repeated on 100 CL/fFN training sets, so 100 CL/fFN-based
LR models were trained and saved. CL.: cervical length, fFN: fetal fibronectin, LR: logistic

regression.

3) A machine learning pipeline for training EIS-based PTB risk prediction models: The
training process of optimal-EIS spectrum filter model was proposed in Chapter 4.2.1. For each
trainsetl, the mean, standard deviation and centroid of amplitudes and phases of EIS spectra
were calculated respectively. Six statistics features were added into trainsetl. The trainsetl was
then extended to 7770 features by using a polynomial feature structure with three nonlinear
degrees. To identify the optimal combination of features, the OBCC-based feature selection
method with n,,,, = 16 features and 3-fold cross validation AUCs of SVM was applied.
Lastly, a SVM model (optimal-EIS spectrum filter model) was trained on the trainsetl with the

selected combination of features.
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Meanwhile, since the proposed OBCC-based LR model in Chapter 4 achieved the best
performance, this model was applied in this chapter. For training EIS-based PTB risk prediction
model (Figure 5.7), each trainsetll was oversampled using the Borderline-SMOTEL algorithm
[112] firstly, which produced 204 new synthetics of PTB data and added them into trainsetl|
to balance the classes ‘0’ and ‘1°. The nonlinear correlation of features was then represented
by the polynomial feature structure. After that, the OBCC-based feature selection approach
[105] was used to choose 16 features, then, the optimal number of features was determined by
the highest 3-fold cross validation AUC of LR, Finally, a LR model serving as the EIS-based

PTB risk prediction model was trained on the balanced trainsetll with the optimal features.

oversamplin
a trainsetIl alit > ( balanced trainsetIl ] =( polynomial feature
L J L structure (35960 features)

select [fy, ..., f;] using OBCC-based

feature selection approach, compute
and store 3-fold cross validation

AUC:s of LR between ([fy, ..., f;] and

delivery result, i=1,..,n,,, =16

)

determine the optimal number of
features in terms of the highest 3-fold

] cross validation AUC
optimal combination of »
[ EIS-based LR Jd——{ foaturcs J‘

Figure 5.7: The proposed machine learning pipeline for training EIS-based PTB risk

prediction models, and the training process repeated on 100 trainsetlls, so 100 EIS-based LR
models were trained and saved. EIS: electrical impedance spectroscopy, OBCC: orthogonal

point-biserial correlation coefficient, LR: logistic regression.
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5.2.2 Combining Models

Once the maternal characteristics-based and EIS-based PTB risk prediction models have been
trained, maternal characteristics and EIS features would be input to the corresponding
prediction models respectively. After that, these models output two probabilities of PTB risk,
namely probabilityl for maternal characteristics, probability2 for EIS features. Then, a SVM
and LR were chosen as classifiers to combine probabilityl and probability2, and two combined
models were built as shown in Table 5.3, and the setups of the SVM and the LR were presented

as follows.

Table 5.3: The list of two combined models: co-modell and co-model2. EIS: electrical

impedance spectroscopy, LR: logistic regression, SVM: support vector machine.

Combined models Classifier Member models

co-modell SVM maternal characteristics-based SVM +
EIS-based LR

co-model2 LR maternal characteristics-based SVM +
EIS-based LR

1) Support Vector Machine Classifier: A SVM was used to combine probabilities from two
PTB risk prediction models, its kernel function was set to ‘rbf” and the other parameters of
‘BoxConstraint” and ‘KernelScale’ were optimized using Bayesian Optimization with a custom
function of computing 10-fold cross validation AUC.

2) Logistic Regression Classifier: A LR classifier on probabilities from two PTB risk
prediction models was trained by adjusting its parameters using 10-fold cross validation. The
values of parameters with the highest 10-fold CV AUC were chosen for the LR model. Then,
combined models of co-modell and co-model2 can output a final probability of PTB risk
respectively. The illustration of combining a maternal characteristics-based model and an EIS-

based PTB risk prediction model is shown in Figure 5.8.
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fold cross validation

i i

Figure 5.8: The illustration of combining a maternal characteristics-based model and an EIS-
based PTB risk prediction model. EIS: electrical impedance spectroscopy, LR: logistic

regression, SVM: support vector machine.

5.3 Results of Analysis

In this section, performances of training and testing maternal characteristics-based PTB risk
prediction models, CL-based and fFN-based PTB risk prediction models, EIS-based PTB risk
prediction models, and combined PTB risk prediction models were displayed as follows, in
terms of median, mean, minimum and maximum of training AUCs on 100 trainIDs,
respectively, and of testing AUCs on 100 testIDs (generated in Chapter 4.2 in advance). Also,
the best training and testing performances of maternal characteristics-based PTB risk prediction
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model, CL-based and fFN-based PTB risk prediction models, EIS-based PTB risk prediction
model, and combined PTB risk prediction models were illustrated including training and testing

AUCs, sensitivity and specificity.

5.3.1 Results of Maternal Characteristics-Based PTB Risk

Prediction Models

The training and testing performances of 100 maternal characteristics-based PTB risk
prediction models were illustrated in Table 5.4 below. Training AUCs of 100 maternal
characteristics-based PTB risk prediction models ranged from 0.66 to 0.79, and testing AUCs
were from 0.51 to 0.73. Additionally, Table 5.5 showed that a maternal characteristics-based
PTB risk prediction model had the highest testing AUC of 0.73 (95% CI: 0.67 — 0.78, sensitivity:
0.38, specificity: 0.80), and performed a training AUC of 0.63 (95% CI: 0.57 — 0.73, sensitivity:
0.58, specificity: 0.84).

5.3.2 Results of CL-based and fFN-Based PTB Risk Prediction

Models

The training and testing performances of 100 CL/fFN-based PTB risk prediction models were
illustrated in Table 5.6 below. Training AUCs of 100 CL-based PTB risk prediction models
ranged from 0.70 to 0.85, and testing AUCs were from 0.62 to 0.83. Training AUCs of 100
fFN-based PTB risk prediction models ranged from 0.53 to 0.71, and testing AUCs were from
0.50 to 0.81.

Additionally, Table 5.7 showed that a CL-based PTB risk prediction model had the highest
testing AUC of 0.83 (95% ClI: 0.71 — 0.95, sensitivity: 0.50, specificity: 0.89), and performed
a training AUC of 0.70 (95% CI: 0.64 — 0.76, sensitivity: 0.37, specificity: 0.94); a fFN-based
PTB risk prediction model gave the highest testing AUC of 0.81 (95% CI: 0.67 — 0.94,
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sensitivity: 0.45, specificity: 0.93), and performed a training AUC of 0.54 (95% ClI: 0.47 —0.62,
sensitivity: 0.27, specificity: 0.91).

5.3.3 Results of EIS-based PTB Risk Prediction Models

The training and testing performances of 100 EIS-based LR models were illustrated in Table
5.8 below. Training AUCs of 100 EIS-based LR models ranged from 0.76 to 0.88. Testing
AUCs of 100 EIS-based LR models were between 0.23 and 0.85. Additionally, Table 5.9
showed that an EIS-based LR model with the highest testing AUC of 0.85 (95% CI: 0.77 —
0.93, sensitivity: 0.70, specificity: 0.87) was trained with six features and performed a training
AUC of 0.81 (95% CI: 0.74 — 0.86, sensitivity: 0.85, specificity: 0.68).

5.3.4 Results of Combined PTB Risk Prediction Models

The training and testing performances of 200 combined PTB risk prediction models were
illustrated in Table 5.10 below. The co-modell was using a SVM model to combine two
probabilities of a maternal characteristics-based PTB risk prediction model and an EIS-based
PTB risk prediction model. The co-model2 used a LR model to combine two probabilities of a
maternal characteristics-based PTB risk prediction model and an EIS-based PTB risk
prediction model. Training AUCs of 100 co-modells ranged from 0.80 to 0.89, and their testing
AUCs were from 0.33 to 0.89. Training AUCs of 100 co-model2s ranged from 0.77 to 0.90,
and testing AUCs were from 0.32 to 0.87.

Additionally, Table 5.11 showed that a co-modell had the highest testing AUC of 0.89 (95%
ClI:0.80-0.97, sensitivity: 0.60, specificity: 0.90), and performed a training AUC of 0.82 (95%
CI: 0.76 — 0.89, sensitivity: 0.67, specificity: 0.85); a co-model2 gave the highest testing AUC
of 0.87 (95% CI: 0.81 — 0.93, sensitivity: 0.64, specificity: 0.89), and performed a training
AUC of 0.83 (95% CI: 0.76 — 0.90, sensitivity: 0.69, specificity: 0.85).
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5.4 Discussions

Table 5.12 presented the training and testing performance comparison of combined PTB
prediction models, maternal characteristics-based PTB prediction models, CL/fFN based PTB
prediction models, and EIS-based PTB prediction models over 100 times of training and testing.
From comparing, the co-modells showed a better performance on median and mean training
AUCs, than PTB prediction models only based on maternal characteristics, CL, fFN and EIS.
Also, the median and mean AUCs of combined PTB prediction models (both co-modell and
co-model2) outperformed that of PTB prediction models only based on maternal characteristics,
CL, fFN and EIS.

From the Table 5.13, either training performances or testing performances of the combined
PTB prediction models on EIS data for 438 recruited women were better than that of PTB
prediction models only based on maternal characteristics, CL, fFN and EIS. The co-modell
and co-model2 had the training AUCs of 0.82 and 0.83, which were better than training AUCs
of 0. 63, 0.70, 0.54 and 0.81 (given by a maternal characteristics-based PTB prediction model,
a CL-based PTB prediction model, a fFN-based PTB prediction model and an EIS-based PTB
prediction model, respectively). Also, the co-modell and co-model2 had the testing AUCs of
0.89 and 0.87, which were better than testing AUCs of 0. 73, 0.83, 0.81 and 0.85 (given by a
maternal characteristics-based PTB prediction model, a CL-based PTB prediction model, a
fFN-based PTB prediction model and an EIS-based PTB prediction model, respectively).
Besides, from the performance comparison between the proposed combined models of this
work and existing models [20,86] in Table 5.14, the combined PTB risk prediction models also
had greater predictions than the existing models.

88



(06'0 ‘T0°0) S9°0 ‘2L°0

(¥6'0 0) ¥£°0 ‘¥8°0
(06°0 ‘52°0) SS°0 ‘¥S°0
(26°0 “€€°0) £9°0 '89°0
(£8°092°0) 0L°0 ‘SL°0
(60 ‘€T°0) TL°0“LLO

(S6°0 ‘z€°0) ¥9°0 '£9°0

(T‘8T°0) S¥°0 ‘6€°0
(S6°0 ‘8€°0) SL°0 '8L°0
(98'0 ‘z€'0) 29°0 ‘09°0
(¥8°0 ‘T2°0) ¥9°0 ‘99°0
(£8°0 ‘¥T°0) €9°0 ‘S9°0

(58'0 ‘€2°0) 89°0 ‘2L0
(18°0°05°0) €9°0 ‘€9°0
(€8°0‘79°0) €£°0 ‘€L0
(€£°0‘TS'0) 99°0 '89°0
(£8°0C€°0) €£°09L°0
(68°0 “€€°0) €£°0 '8L°0

S[opOW T Poseq-STH 001

S[OPOW T Paseq-NAF 001

S[9pOW T Paseq-TD 001

S[opow JNAS POSeq-SO1ISLIJOBIRYD [BUISJEW ()()|
SZ[Ppow-09 ()0 |

ST[epow-09 ()0 |

(xew ‘urwr) ueowW ‘UBIPOW

Kyoygroadg

(xew ‘urur) uBdW ‘UBIPOW

Ayranisuog

(Xew ‘urur) ueow ‘uBIpOW

DNV Sunsay,

[opowr .1L.d

(26'0‘65°0) SL'0 ‘SL°0
(96'0 ‘95°0) £8°0 ‘06°0
(96°0 ‘0v°0) 89°0 ‘0L°0
(€8°0 ‘T¥'0) €£°0‘SL°0
(96°0 ‘€9°0) 08°0 ‘18°0
(26°099°0) 6£°0 08°0

(€6'0 ‘T9°0) 6£°0 ‘080
(6£°0°L2°0) ¥¥°0 “T¥'0
(66°0‘LE'0) €L°0 VL0
(18°0 ‘8€°0) €9°0 ‘S9°0
(26'085°0) SL°0 ‘¥L0

(T‘e5°0) 6£°0 ‘6L°0

(88°0 ‘9£°0) ¢80 ‘280
(T£'0€5°0) €9°0 ‘€9°0
(S8°'0°0L°0) LL'0°LLO
(6£°0°99°0) €£°0 ‘€L0
(06'0°££°0) T8°0 ‘280
(68°0 ‘08°0) ¥8'0 ‘¥8°0

S[opOW T Poseq-SIH 001

S[OPOW T PasBq-NAF 001

S[OpOW T Paseq-TD 001

S[opow JNAS POSeq-SO1ISLIJ0BIRYD [BUIOJEW ()()|
SZ[Ppow-09 ()0 |

ST[opow-09 ()0 |

89

(xew ‘urwr) uedw ‘uBIPOW (xew ‘urur) uedwW ‘UBIPOW (Xew ‘urur) ueow ‘uBIpOW

Ayoygroadg Aianisuog DNV Surureiy, [opow g1.d

spppow uond1paxd ysu g1.d 009

"auIyorW 10199A 1oddns JINAS ‘uolssalbal onsibo)
T QAINd d1sLIORIRYD FuneIddo JOAIII AU} JApUN BAIR 1DV "I9S Sulturen uo xapul s, uapno § Jurzruxew Aq julod Bunelado rewndo syy Buisn pauieigo
alam A191j198ds pue AlAnisuas (sjapow uonaipaid g1d pased-S|13 00T pue S|apow uonaipaid g1d paseq-N4i/1D 00T ‘sjopow uonaipaid g1d paseq
-S911S1I8)JRIRYD [eUlaIeW QT ‘S|3pow uonaipaid g1 d paulquiod 0oz) Sjapow uonaipaid st 91d 009 Jo saouewloylad Bunsa) pue Buluren syl :Z1's a|gel



1000°0> L8°0 00 (€6°0—LL0) S8°0 [opowr YT paseq-SId
100°0> €60 S0 (¥6'0—-£9°0) 18°0 [opouw YT Paseq-NAJ
100> 680 050 (S6'0-T£°0) €8°0 [opow YT paseq-1D
100> 780 850 (8L°'0-190)€L0 [OpOuI JNAS PAseq-SONSLIdIORILYD [RUIO)EW
100°0> 680 ¥9°0 (€6'0-T8°0) £8°0 Z[opow-09
100°0> 06°0 090 (£6'0—-08°0) 68°0 [[9pow-09
anfea-d Aroyroads Ayranisuag (ID %$6) DNV Sunsay, [opow g1.d
10000°0> 89°0 S8°0 (98°0-%L0) 18°0 [opowr YT Paseq-Siq
100°0> 160 LT0 (29°'0-L¥0) ¥S0 [opOwW YT Paseq-N.AJ
100°0> ¥6°0 LEO (9£'0-%9°0) 0£°0 [opow YT Paseq-1D
100°0> 080 8€°0 (€£°0-150) €90 [9POW JNA'S PISBQ-SONSLIANORIRYD [BUIDIBW
T0000°0> S8°0 690 (060—9£°0) €8°0 {[opowi-09
10000°0> S8°0 £9°0 (68'0-9£°0) 280 [[opow-09
onjea-d Aroyroadg Aanisuog (1D %S6) DNV Sururel], [opout g1.d

spppow uonarpaxd ysLI gL 399 YL

"1$81-1 S Juopmi§ Ay} 3ursn
paulelgo alam senjeA-d ‘(ST°0 = [apow ¥ paseq-S|3 Jo wutod Bunesado jewndo pue ‘G 0 = |apow ¥ pased-N4J 4o wiod Bunesado jrewndo ‘290
= [9pow Y paseg-12 o iod Buneado rewndo ‘z'0 = [9poW INAS Paseq-sansiIaioeseyd jeulsyew Jo jutod buneltsdo fewndo ‘T 0 = z|opow
-09 Jojutod Bunesado fewndo ‘yT°0 = T|9pow-09 Jo jurod Sunerddo [ewndo) 3os Surures) Uo xapul s uopno A Jurziwrxew Aqjuiod Bunelado

rewndo ayy Buisn paureiqo alem AId1j19ads pue AlIARISUSS “[apow uonaipaid g1 d XIs Jo saouewopiad Bunssel pue Buiures 1saq ayl :€T°S a|gel

90



Table 5.14: Performance comparison between the proposed combined models in this work and

existing models. EIS: electrical impedance spectroscopy, TVS-CL: transvaginal sonography

cervical length, fFN: fetal fibronectin, AUC: area under the receiver operating characteristic

curve.
Reference Feature Model Testing AUC (95% CI)
This Work maternal characteristics co-modell 0.89 (0.80 - 0.97)
and EIS co-model2 0.87 (0.81 — 0.93)
Anumba, D et al. [86] EIS logistic regression 0.76 (0.71 - 0.81)
Anumba, D et al. [86] TVS-CL logistic regression 0.72 (0.66 — 0.76)
Anumba, D et al. [86] fFN logistic regression 0.62 (0.56 - 0.72)

Anumba, D et al. [86]
Esplin, M Sean et al. [20]
Esplin, M Sean et al. [20]

Esplin, M Sean et al. [20]

EIS, TVS-CL and fFN

TVS-CL
fFN

TVS-CL and fFN

logistic regression
threshold
threshold

logistic regression

0.79 (0.74 — 0.83)
0.67 (0.64 - 0.70)
0.59 (0.56 - 0.62)
0.67 (0.64 - 0.70)

5.5 Conclusion

This chapter has applied a models-combining approach to achieve the combination of a cervical

EIS-based PTB risk prediction model and a maternal characteristics-based PTB risk prediction

model. Cervical EIS data were measured from 438 women at 19 to 23 weeks’ gestation and

their maternal characteristics data included demographics and obstetric data. Also, CL and fFN

data of the 438 women were also used as a comparison for PTB risk prediction. Based on three

machining learning pipelines of training the maternal characteristics-based PTB risk prediction
model, the CL/fFN-based PTB risk prediction model, and the EIS-based PTB risk prediction
model, 100 maternal characteristics-based PTB risk prediction models, 100 CL/fFN-based PTB



risk prediction models, and 100 EIS-based PTB risk prediction models were obtained on 100
training sets. Then, in terms of the models-combining approach, 100 SVM-based combined
models and 100 LR-based combined models were also obtained by combining two probabilities
of a maternal characteristics-based PTB risk prediction model and an EIS-based PTB risk

prediction model.

The best SVM-based combined model (co-modell) had the highest testing AUC of 0.89 (95%
CI: 0.80 — 0.97, sensitivity: 0.60, specificity: 0.90), and the best LR-based combined model
(co-model2) had the highest testing AUC of 0.87 (95% CI: 0.81 — 0.93, sensitivity: 0.64,
specificity: 0.89). These two combined models had an improvement on PTB prediction
comparing to PTB prediction models only based on maternal characteristics, CL, fFN and EIS,

and outperformed than the state-of-the-art models [20, 86].
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Chapter 6

6. A Feasibility Study on the MIS-based
PTB Risk Prediction

In the present work, a feasibility study on the application of the magnetic impedance
spectroscopy technique to PTB risk prediction is conducted. The MIS data were collected from
84 women using two different MIS devices. In this group of women, 44 were AHR women at
18 to 28 weeks of pregnancy and 40 were SYMP women at 18 to 35 weeks of pregnancy. The
objectives were to train and apply a MIS data-based machine learning model for PTB
prediction and to study the effects of different MIS data pre-processing approaches on the
performance of the PTB prediction. The results have demonstrated the feasibility of the MIS-
based PTB prediction and showed that an appropriate approach was needed to pre-process MIS
data so that a more effective machine learning model can be built and used for PTB risk

prediction.

Before application of machine leaning to MIS data to build a machine leaning model for PTB
risk prediction, the directly collected MIS data (named as real-time MIS data) were pre-
processed to calibrate the MIS measurements with respect to air and ferrite references. This
calibration was conducted by subtracting air and ferrite references from measured MIS
spectrum. In this study, a new calibration was introduced, which divided the MIS spectrum by
air and ferrite references and uses the calibrated MIS spectrum for PTB risk prediction. The
two calibrations were called “calibration via subtraction” and “calibration via division”,
respectively. Then, a further method was proposed, which built an ARX model using raw MIS
data and only used model features representing cervical magnetic impedance rather than MIS
device circuit properties for PTB prediction. This further calibration method was called
“calibration via modelling”. After the MIS data calibration, a SVM based machine learning

classification model was trained on 66% of the 84 women. Then the trained classification
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model was applied to the remaining 34% of the 84 women to evaluate its performance on PTB
risk prediction. Six kinds of SVM classification models were trained and evaluated where MIS
data calibrated using the three different calibration methods were used, respectively, to perform
the feasibility study on MIS-based PTB risk prediction.

6.1 Information of 84 Recruited Women

The ECCLIPPXx Il project recruited a total of 84 women (Table 6.1) visiting between 18 to 35
weeks of their gestation, with an average visit of 25 weeks of gestation, 59 of them were
measured by Probe 2a and 25 of them were measured by Probe 2c. Of these, 44 of 84 women
were at an AHR of premature birth (52.4%) and 40 of women were SYMP of preterm birth,
besides, 63 of women delivered on term (75%) and 21 of women delivered prematurely (25%).
9.53% of PTB women gave births within 28 completed weeks of gestation, 23.81% gave birth
between 28 and 32 weeks of gestation, 33.33% delivered between 32 and 34 weeks and 33.33%
delivered between 34 and 37 weeks.

Among the 44 women (Table 6.2) who were at an AHR of premature birth and all of whom
visited twice to take measurements, where the first visit was during 18 to 22 weeks of gestation
(average: 20 weeks) and the second visit was between 23 and 28 weeks (average: 26 weeks).
Of these, 77.3% AHR women (34 out of 44) gave births on term and 22.3% AHR women (10
out of 44) gave births prematurely. 20% of PTB women were very preterm birth, 50% of PTB
women were moderate preterm birth and 30% of them were late preterm birth. Besides, they

gave birth prematurely at between 11 and 18 weeks after their first visit

Among the 40 women (Table 6.3) who were symptomatic of premature birth and all of whom
had one visit only to take measurements, where their visits were during 18 to 35 weeks of
gestation (average: 30 weeks). Of these, 72.5% SYMP women (29 out of 40) gave births on
term and 27.5% SYMP women (11 out of 40) gave births prematurely. 18.2% of PTB women
were extreme preterm birth (<28 completed weeks of gestation), 27.3% of PTB women were
very preterm birth (between 28 and 32 weeks of gestation), 18.2% of PTB women were

moderate preterm birth (32 to 43 weeks of gestation) and 36.3% of them were late preterm birth
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(34 to 37 weeks of gestation). Additionally, all of them gave birth prematurely at between 1

and 12 weeks after their visit (average: 4 weeks).

Table 6.1: The statistics of 84 recruited women.

Content Description
Recruits: 84 women
Gestation of visit: 18 to 35 weeks of gestation (average: 25 weeks)
Measured by Probe 2a: 59 of 84 women
Measured by Probe 2c: 25 of 84 women
Asymptomatic High Risk (AHR): 44 of 84 women (52.4%)
Symptomatic (SYMP): 40 of 84 women (47.6%)
On-term birth: 63 women (75%)
Preterm birth: 21 women (25%)
Extreme PTB (<28 weeks): 2 of 21 PTB women (9.53%)
Very PTB (28 to 32 weeks): 5 of 21 PTB women (23.81%)
Moderate PTB (32 to 34 weeks): 7 of 21 PTB women (33.33%)
Late PTB (34 to 37 weeks): 7 of 21 PTB women (33.33%)
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Table 6.2: The statistics of 44 Asymptomatic High Risk women.

Content Description
Asymptomatic High Risk: 44 women
Visit times: 2 times of visit
Gestation of first visit: 18 to 22 weeks of gestation (average: 20 weeks)
Gestation of second visit: 23 to 28 weeks of gestation (average: 26 weeks)
On-term birth: 34 women (77.3%)
Preterm birth: 10 women (22.3%)
Extreme PTB (<28 weeks): 0 of 10 PTB women (0%)
Very PTB (28 to 32 weeks): 2 of 10 PTB women (20%)
Moderate PTB (32 to 34 weeks): 5 of 10 PTB women (50%)
Late PTB (34 to 37 weeks): 3 of 10 PTB women (30%)
PTB after first visit: 11 to 18 weeks (average: 14 weeks)
PTB after second visit: 4 to 11 weeks (average: 8 weeks)

Table 6.3: The statistics of 40 Symptomatic women.

Content Description
Symptomatic: 40 women
Visit times: 1 time of visit
Gestation of visit: 18 to 35 weeks of gestation (average: 30 weeks)
On-term birth: 29 women (72.5%)
Preterm birth: 11 women (27.5%)
Extreme PTB (<28 weeks): 2 of 11 PTB women (18.2%)
Very PTB (28 to 32 weeks): 3 of 11 PTB women (27.3%)
Moderate PTB (32 to 34 weeks): 2 of 11 PTB women (18.2%)
Late PTB (34 to 37 weeks): 4 of 11 PTB women (36.3%)
PTB after visit: 1 to 12 weeks (average: 4 weeks)
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6.2 Measurement and Record of MIS

As introduced in Chapter 3, the MIS data were measured by MIS2 device using Probe 2a or
Probe 2c, over 16 discrete frequencies from 21 kHz to 1013 kHz (15 discrete frequencies were
used in this work since the highest frequency (1013 kHz) cycled through once). During the
measurement process, the AC served as the input to the system, and the induced voltage, which
was affected by the cervix tissue, served as the output. In general, the amplitude of AC
decreased with an increase in frequency to keep the induced voltage within a range that was
safe for pregnant women. Each frequency lasted for 12 milliseconds, as a result, one frame
consisting of 16 frequencies took a total of 0.192 seconds to complete. 480,000 data were
captured at each frequency with the sampling frequency of 40 MHz, so that a total of 7,680,000
sample points were captured over 16 frequencies at time domain. Once the footswitch was
pressed, MIS2 device kept taking measurements of what the probe closed to. Basically, one
measurement consisted of seven events for Ferrite Target, Air, Cervix 1, Vaginal Reference 1,
Cervix 2, Vaginal Reference 2 and Cervix 3 respectively, and was recorded as two types of
data, one of that was the raw MIS data at time domain, and the other one of that was the Real-

Time MIS data at frequency domain.

Raw MIS Data: The raw MIS data consisted of seven events of Ferrite Target, Air, Cervix 1,
Vaginal Reference 1, Cervix 2, Vaginal Reference 2 and Cervix 3, which were saved
independently. Each event consisted of alternating currents as input and induced voltages as
output, where 7,680,000 sample points were recorded over 0.192 seconds. In this work, MIS
data of cervix 1, cervix 2 and cervix 3 were used for modelling and PTB risk prediction. Figure
6.1 illustrated two women’s raw MIS data measured by Probe 2a and measured by Probe 2c
respectively. From Figure 6.1, the transient states between two different frequencies can be
obviously observed. Because of the differences between two outputs, the modelling should be

implemented respectively, for raw data measured by Probe 2a and Probe 2c.
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Imaginary part

-6.5

1D

-8.5

-9.5

-10

-10.5

Real-Time MIS Data: Real-Time MIS data were continuously converted from raw MIS data

at time domain by FPGA once the footswitch was pressed, and recorded in frames during the

whole measurement process. The whole measurement for a woman needed 2000 to 5000

frames. Since one frame consisted 16 frequencies, there were 16 complex numbers to represent

real part and imaginary part. Therefore, Real-Time MIS data were saved respectively at 16

frequencies over frames. Figure 6.2 illustrated a woman’s imaginary part of Real-Time MIS

data at 1013 kHz, where the whole measurement at 1013 kHz was presented and seven events

were marked.

%1013

Cervix 1 Cervix 2 Cervix 3

LA Ferite Target

| | |

Vaginal
Reference 1

Vaginal
Reference 2

WA

3800 3900

4000 4100 4200
Frame number

4300

4400

Figure 6.2: A woman’s imaginary part of Real-Time MIS data at 1013 kHz. The marks were

seven events of Ferrite Target, Air, Cervix 1, Vaginal Reference 1, Cervix 2, Vaginal

Reference 2 and Cervix 3, from left to right.
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Cervical MIS Data Structure: The 44 AHR women visited twice to take measurements and
the 40 SYMP women had only one visit to take a measurement, and for each measurement,
cervix 1, cervix 2 and cervix 3 were recorded, therefore, an AHR woman had six records of
cervix and a SYMP woman had three records of cervix. Table 6.4 and Table 6.5 present an

AHR woman’s data structure and a SYMP woman’s data structure respectively.

Table 6.4: The illustration of an AHR woman’s data structure. AHR: asymptomatic high risk,
RT-data: Real-Time MIS data.

Raw-data form
Cervix 1
RT-data form

Raw-data form
Visit 1 | Cervix 2

RT-data form
Raw-data form
Cervix 3
An AHR RT-data form
woman Raw-data form
Cervix 1

RT-data form

Raw-data form
Visit 2 | Cervix 2
RT-data form

Raw-data form
Cervix 3
RT-data form

Table 6.5: The illustration of a SYMP woman’s data structure. SYMP: symptomatic, RT-data:
Real-Time MIS data.

Raw-data form
Cervix 1
RT-data form
ASYMP | SYMP Raw-data form
.. Cervix 2
woman Visit RT-data form
Raw-data form
Cervix 3
RT-data form
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6.3 Methodology

6.3.1 Calibration on Real-Time MIS Data

The ECCLIPPx Il group advised that real-time MIS data need to carry out calibration before
using. The real part of the transimpedance from the drive current to the grad voltage should be
proportional to the conductivity of the target [97]. The existing method for generating a number
proportional to target conductivity from measurements required obtaining measurements of
both the background and the ferrite target. As this was considered to be a measure of all zero
conductivity errors, the grad voltage and related current were measured with the probe retained
in air and then removed from all subsequent readings. Also, the phase of the transimpedance
must be corrected relative to a zero-phase reference using a ferrite target that produced a known
phase shift (-90°). Therefore, the ECCLIPPx Il group recommended a method of calibration
via subtraction, and in this work, a novel method was proposed as calibration via division, both

of that were described as follows.

A. Calibration via subtraction

Firstly, the target measurement of cervix was calibrated with air reference by subtracting the

air reference,

gradvV gradvV (6 1)

Target currentsenseVlgir Ref

Target_to_Air =

currentsenseV

av . .
where —£2—__ is the target measurement of cervix (complex number), and
currentsenseVlrgrget
gradVv . . .
T is the air reference (complex number). Then, the ferrite reference was
currentsenseVlyir Ref

calibrated by subtracting air reference (Equation 6.2), and the phase was corrected to the zero-

phase by (Equation 6.3),

gradVv gradVv (6.2)

Ferrite Ref ~ currentsenseVljir gef

Ferrite_to_Air = ————
currentsenseV
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AG = —2(Ferrite_to_Air) — 90° (6.3)

gradv

where is the ferrite reference (complex number).

currentsenseVlperrite Ref

Finally, the measurement of cervix calibrated with air reference was corrected by phase

adjustment as follows.
Phasegqjys = cos(AB) + j X sin(AB) (6.4)
calibraed_target = Target_to_Air X Phase,qjyst (6.5)

Before application of machine leaning to MIS data to build a machine leaning model for PTB
risk prediction, the real-time MIS data over 15 frequencies including cervix 1, cervix 2 and

cervix 3 of each woman were calibrated firstly using this calibration method.

B. Calibration via division

Firstly, the target measurement of cervix was calibrated with air reference divided by the air

reference,

gradV gradV

- — (6.6)

Target currentsenseVlgir Ref

Target_to_Air =

currentsenseV

av . .
where —I£2—__ is the target measurement of cervix (complex number), and
currentsenseVlrgrget
gradVv . . .
T is the air reference (complex number). Then, the ferrite reference was
currentsenseVlyir Ref

calibrated with air reference, divided by air reference (Equation 6.7), and the phase was then

corrected to the zero-phase by (Equation 6.8),
gradv gradv

Ferrite_to_Air = etk —
Ferrite Ref ~ currentsenseVljir pef

(6.7)

currentsenseV

AG = —£(Ferrite_to_Air) — 90° (6.8)

gradv

where is the ferrite reference (complex number).

currentsenseVlperrite Ref
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Finally, the measurement of cervix calibrated with air reference was corrected by phase

adjustment as follows.
Phasegqjyse = cos(AB) + j X sin(AB) (6.9)
calibraed_target = Target_to_Air X Phaseyq;yst (6.10)

Similarly, the real-time MIS data over 15 frequencies including cervix 1, cervix 2 and cervix 3

of each woman were calibrated using calibration via division.

6.3.2 Calibration on Raw MIS Data

Before application of calibration on raw MIS data, the raw MIS data were used to implement
system modelling of an autoregressive with exogenous input model to simulate measurements.
The terms of the ARX model were determined by forward regression with orthogonal least-
squares (FROLS) algorithm [121], thereafter, the parameters of terms were determined by
least-squares. Once the system modelling of the ARX model has been completed, stability
analysis with pole-zero identification was carried out to remove the unstable component of the
ARX model, meanwhile, the calibration via modelling was also implemented using pole-zero
analysis by removing components which do not belong to cervix. The follows described the
process of system modelling firstly, including ARX model, FROLS algorithm, determination
of parameters with least-squares and stability analysis with pole-zero identification, and then

described calibration via modelling with pole-zero analysis.

A. System Modelling of Autoregressive with Exogenous Input Model

1) Autoregressive with Exogenous Input Model: The equation of ARX model is presented
[121] as,

Az Yy(k) = Bz Duk — nk) + &(k) (6.11)
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where y(k) and u(k — nk) refer to the output and input signals of ARX model, (k) is the
noise sequence, and nk is the time delay between output and input signals. Furthermore,

A(z"1Y) and B(z™1) are given by,
Az DY) =1+az7 ' +az7%+ -+ ay,z " (6.12)
B (Z_l) = b1 + bzz_l + b3Z_2 + -4+ bnb+1Z_nb (613)

where z~1 is the backward shift operator, na is the time delay of output signals, and nb is the
time delay of input signals. Let substitute A (z71) and B (z71) into Equation 6.11, obtain
Equation 6.14 below. By setting z = e/®T, where T is the sampling time, the time-domain

model (6.11) can be converted into frequency-domain model.

y(k)+a,y(k—1)+ -+ a,,y(k —na) = bju( k — nk) + -+ + by, ., u(k — nb — nk) +
e(k) (6.14)

2) Forward Regression with Orthogonal Least-Squares Algorithm: The FROLS algorithm is
identical to the standard OLS algorithm [121], with the exception that, at each stage, a full
search of all remaining or unselected model terms is conducted to identify the best candidate
term, regardless of the order in which the model terms are added [122]. More details about

FROLS algorithm were shown as follows.

Let support the maximum output time delay na was m, the maximum input time delay nb was
n, and the time delay between output and input nk is 0. The noise sequence £(k) was not taken

into consideration, then Equation 6.14 was transformed to,
yv(k)=a;y(k—1)+ -+ a,,y(k —m) + byu(k) + ---+ b,u(k — n) (6.15)

In this case, {y(k—1),..,y(k —m),u(k),..,u(k —n)} were candidate terms to be
determined by FROLS algorithm. Suppose y = y(k) , and [y(k—1),..,y(k —
m),u( k), ... ,u(k —n)] = [p1,p2 -, Pu] = P, where M = m + n. The Algorithm 6.1 was
described the FROLS algorithm [121].
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Algorithm 6.1 Forward Regression with Orthogonal Least-Squares

Input: the candidate terms of P = [py, P, ..., Pu], output y and a set-up threshold &
Output: the matrix of determined terms W

Step 1: 1. for all p; in P do

2. q; = IIZ%II’ where || - || is the Euclidean length
3. gi = %, where g; is the auxiliary parameter, and (- , - ) is the inner

product of two vectors

207 .
4. ERRJi] = %, where ERR is the error reduction ratio
5. l; = argmax {ERR[i]}

6. Define W[1] = q, , D[1] = p,,, err[1] = ERR[l,] and remove p; from P
7. end
Step s (s = 2): 1. for all p; in P do

2. q;= b — i;i fill‘::’l ; w;, which is Gram-Schmidt orthogonalisation

_ v.qi)
3. t (qi,q;)

2(q. .
4. ERR[i] = 2500

5. [y = argmax {ERR][i]}

6. Define W(s] = q, , D[s] =p,,, err[s] = ERR[l;] and remove p;

from P

The search will stop at the N step when the ESR is less than the set-up threshold 6,

N

ESR =1 —Zerr[s] <é

s=1
where ESR is the error-to-signal ratio.

Return the matrix of determined terms W
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3) Determination of Parameters with Least-Squares: After the terms were determined in
Equation 6.15, the parameters © = [ay, ..., Ay, by, ..., by]T would be determined by least-
squares [121] which minimises the cost function, and the cost function has been improved to

focus on fitting the points of transient states,

J(©) = = yecly(k) = 9] (6.16)

ICl

where y( k) is the measured output, (k) = P(k)O is the simulated output, and P(k) =
[y(k—1),..,y(k —m),u(k),.. ,u(k —n)] and |C| is the cardinality of the set C, which is
C ={kly(k—-1),..,y(k —m),u(k),..,u(k —n) € transient states}.

4) Stability Analysis with Pole-Zero Identification: After the parameters 0 =

[a, ..., Ay, by, ..., by ]T Were determined, substitute @ into Equation 6.12 and 6.13,
Az D=1+az7 '+ +a,z™
Bz Y)=by+byz7 '+ +byz™"
then substitute them into Equation 6.11,
A+ az7 + -+ apz™yk) = (by + byz™* + -+ bz ™u(k)

(by + byz7t + -+ bz™™)
Q+az7t+-+ amz‘m)u

y(k) = (k)

by +byz™t + -+ bz

H(z) =
2) 1+az7 4+ +a,z™

then the zero-pole-gain form of the transfer function was,

(z — zero,)(z — zero,) ...(z — zeroy)

H(z) = k (z — poley)(z — poley) ...(z — pole,)

where L = argmax {m,n}, zero; and pole; are the zeros and poles of system. Once all

|pole;| < 1, fori=1,2,..,L, where | - | is the length, the system is stable, otherwise the
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system is unstable, the unstable component of |pole;| > 1 shall be removed from the system.

In this study, the instability issue was dealt with by calibration via modelling.

B. Calibration via Modelling

Theoretically, the built ARX model using raw MIS data consisted of the components of
woman’s cervix, MIS device circuit properties and other components like air and vagina which
should be removed from the cervical magnetic impedance. In this study, | proposed a
hypothesis that the built ARX model comprised the components of cervix, MIS device circuit
and others, which were able to be presented as independent sub-models and were connected in

series as follows. Each of them were presented in a zero-pole-gain form of the transfer function.

H(Z) = H(Z)cervix X H(Z)circuit X H(Z)others (6-17)

The pole-zero plot of ARX model H(z) was analysed, and based on this hypothesis and prior
knowledge of MIS device circuit and cervix, where the model of MIS device circuit was more
like a second-order system and the model of cervix was more like a first-order system, the sub-
model of cervix may be identified by pole-zero analysis. Therefore, a model of cervix alone
H(Z) cervixz Was obtained by removing other components like H (2) circuir @A H(Z) pthers, 1O
achieve the calibration of MIS data. Finally, cervical magnetic impedances produced by the
ARX model of cervix over 15 frequencies including cervix 1, cervix 2 and cervix 3 of each
woman were structured as the calibrated MIS dataset. The cervical magnetic impedance
spectrum was computed by,

z(e/om) = 7228 (6.18)
where i = 1,2,...,15, and Y(jw;T) and U(jw;T) are input signals and output signals of

cervical MIS in steady states at frequency w;.
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6.3.3 A Machine Learning Pipeline for training MIS-based PTB

Risk Prediction Models

After the calibration, Table 6.4 and Table 6.5 were updated to calibrated data structures of an
AHR women and a SYMP woman presented in Table 6.6 and Table 6.7. After that, 40 SYMP
women were combined with 44 AHR women at their first visit and with 44 AHR women at
their second visit, respectively, so that two sets of 84 women were obtained. Each woman’s
MIS data were calibrated by subtraction, division, and modelling respectively. Therefore, the
two sets of 84 women’s MIS data were constructed as shown in Table 6.8, and there were six

MIS datasets created in total.

Table 6.6: The illustration of an AHR woman’s calibrated data structure. AHR: asymptomatic
high risk.

calibrated via subtraction
Cervix 1 calibrated via division

calibrated via modelling

calibrated via subtraction
Visit 1 | Cervix 2 calibrated via division

calibrated via modelling

calibrated via subtraction

Cervix 3 calibrated via division
An AHR calibrated via modelling
woman calibrated via subtraction
Cervix 1 calibrated via division

calibrated via modelling

calibrated via subtraction
Visit 2 | Cervix 2 calibrated via division

calibrated via modelling

calibrated via subtraction

Cervix 3 calibrated via division

calibrated via modelling
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Table 6.7: The illustration of an SYMP woman’s calibrated data structure. SYMP;:

symptomatic.

calibrated via subtraction
Cervix 1 calibrated via division

calibrated via modelling

calibrated via subtraction
ASYMP | SYMP

.. Cervix 2 calibrated via division
woman Visit

calibrated via modelling

calibrated via subtraction
Cervix 3 calibrated via division

calibrated via modelling

Table 6.8: The constructure of two sets of MIS datasets. AHR: asymptomatic high risk.

Calibration Method

MIS dataset

Combination

MIS datasetla
MIS datasetlb
MIS datasetlc

40 SYMP women and 44
AHR women at 1% visit

calibrated via subtraction
calibrated via division

calibrated via modelling

MIS dataset2a
MIS dataset2b
MIS dataset2c

40 SYMP women and 44
AHR women at 2™ visit

calibrated via subtraction
calibrated via division

calibrated via modelling

For each MIS dataset, 84 women were randomly split into 100 subsets of 66% women as
training sets for training PTB risk prediction models and 100 subsets of 34% women as testing
sets for testing models. Each subset of 66% women consisted of 66% PTB women and 66%
on-term birth women, similarly, each subset of 34% women also consisted of 34% PTB women

and 34% on-term birth women. The following provided further explanation.
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84 recruited women at PTB risk were,

of 21 preterm births (25%),
of 63 on-term births (75%),

split into a subset of 56 women including 14 preterm births and 42 on-term births,

split into a subset of 28 women including 7 preterm births and 21 on-term births.

Since each woman had three records of cervix 1, cervix 2 and cervix 3, in general, the three
records would be averaged to obtain a final record. In this study, the three records were
regarded as three independent samples during training a machine learning model, which meant
that 56 women were extended to 168 women (42 preterm birth women and 126 on-term birth

women) (shown in Figure 6.3).

no. women real part imaginary part

1 woman | P11 P1,1s P1,16 P1,30
2 woman 2 P21 P25 P2,16 P2,30
56 woman 56 Pse,1 “ee Pse,15 Psé6,16 Pse6,30
no. women real part imaginary part

1 woman | fia fias fi16 f130
2 woman | f2a f2.15 f2,16 f2,30
3 woman | f3a f31s f316 f330
168 woman 56 fies1 fies1s fies,16 fi68,30

Figure 6.3: The illustration of extending 56 samples to 168 samples on a training set. A woman’
MIS data had 15 complex numbers over 15 different frequencies. The upper table consisted of 56
samples of 56 women when used the averaged record, and for example, [py; ... p130] Was the
averaged record from the first woman. The bottom table consisted of 168 samples of 56 women
when used three records of cervix 1, cervix 2 and cervix 3. For example,

[f11 . [f130] [f2,1 - [f2,30] and [f31 ... [f3 30] Were the three records from the first woman.
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Figure 6.4 provided a visual representation of the machine learning pipeline for training a MIS-
based PTB risk prediction model. First, each training set was oversampled using the
Borderline-SMOTEL technique [112] (introduced in Chapter 4) which produced random new
synthetics of the PTB data and added them into the training set to balance the classes ‘0’ and
‘1’. The balanced training set was used directly to train a machine learning model, where a
SVM was used, its kernel function was set to ‘rbf’, and the remaining parameters of
'‘BoxConstraint’ and 'KernelScale' were optimised using Bayesian Optimization with a custom

function for computing a 3-fold cross validation AUC of SVM.

oversampling (
‘ a train set l =L balanced training set ]—

\ 4

4 )

‘KernelFunction’ was set to ‘rbf’.
‘BoxConstraint’ and ‘KernelScale’
were optimized using Bayesian
Optimization with a custom function
of computing 3-fold cross validation
AUC of SVM.

\ 4

~

A

[ MIS-based SVM

J

Figure 6.4: A machine learning pipeline for training MIS-based PTB risk prediction models.
MIS: magnetic impedance spectroscopy, AUC: AUC: area under the receiver operating

characteristic curve, SVM: support vector machine.
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6.4 Results of Calibration

6.4.1 Results of Calibration on Real-Time MIS Data

The achievements of calibration on real-time MIS data were from two approaches, one of that
was calibration via subtraction recommended by the ECCLIPPx Il group, computed by
Equation 6.1 to Equation 6.5, and the other was calibration via division proposed in this study,
computed by Equation 6.6 to Equation 6.10. The comparison of original real time MIS data (no
calibration), MIS data calibrated via subtraction and MIS data calibrated via division was

illustrated in Figure 6.5.

Comparing the set of amplitudes of the real time MIS data, the amplitudes of MIS data
calibrated via subtraction and MIS data calibrated via division almost lose the differences over
15 frequencies, so that the values are very similar over 15 frequencies, while comparing the set
of phases of the real time MIS data, the phases of MIS data calibrated via subtraction and MIS
data calibrated via division remain the differences over 15 frequencies. The phases of MIS data
calibrated via division change slightly from the phases of original MIS data, and the phases of
MIS data calibrated via subtraction have greater values than the phases of original MIS data,
but its changing trend over lower frequencies is corresponding to that of the phases of original
MIS data.
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Figure 6.5: The comparison of original real time MIS data (no calibration), MIS data
calibrated via subtraction and MIS data calibrated via division, from a woman randomly
selected from 84 women. Results presented amplitudes (ohm) and phases (degree) of MIS

spectra over 15 different frequencies ranging from 21 kHz to 1013 kHz.

6.4.2 Results of Calibration on Raw MIS Data

The results of system modelling using raw MIS data collected by Probe 2a and Probe 2c were
presented respectively, including input and output signals, the ARX models built by system

identification, the adjusted ARX models, and their simulating performances. Thereafter,
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calibration via modelling was implemented on the adjusted ARX models and results were
illustrated. All results were obtained from the record of Cervix 1 from two women, one of
whom was randomly chosen from women measured by Probe 2a and another of whom was
randomly chosen from women measured by Probe 2c. The results obtained from other records

were similar to the corresponding results proposed as follows.

A. System Modelling for ARX model

The raw MIS data were collected under the sampling frequency of 400 MHz, whose high
sampling frequency can lead to an issue of linear dependent neighbour terms. These neighbour
terms may be rejected while carrying out FROLS algorithm to select terms for system, so that
high-order models were more possible to be determined, however, these models did not adapt
to the cervical MIS device circuit. Hence, the raw MIS data were down sampled to five MHz
firstly, and maximum time delays of input and output signals were both set to five. Then, the
down-sampled and zero-mean raw MIS data were used to build an ARX model by FROLS

algorithm and least-squares method.

With FROLS algorithm, the ARX model structure was determined as follows, for raw MIS

data of 84 women measured by either Probe 2a or Probe 2c,

y(k)=0,y(k—1)+6,y(k—2)+65y(k—5)+0,u( k) + 0su(k — 1) + 6,u(k — 5)
(6.19)

where © = [0y, ..., 05, ...,0,]" are the parameters of the ARX model. Each set of parameters
were determined by the raw MIS data of corresponding women using least-squares method
which minimised the cost function of Equation 6.16, where © = [6,, ..., 05, ...,0]" and
P(k) =[y(k—1),y(k—2),y(k—5),u(k), u(k —1),u(k —5)] . After determining
parameters, the fitting performance of each ARX model can be evaluated in time domain and
in frequency domain. In time domain, the normalized root mean square error (NRMSE)
between measured outputs and simulated outputs was employed to validate the fitting

performance and computed by Equation 6.20, which was one of validation methods.

_ [ _sum(@K)-9 (k)
NRMSE = \/ sum((y(k)-mean(y))?) (6.20)
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In frequency domain, the cervical impedance spectra (frequency response) of the ARX model
of each woman over 15 frequencies were firstly computed by Equation 6.18, then which were
compared by the cervical impedance spectra of corresponding women obtained by FPGA. Also,
the NRMSEs of amplitude and phase between them (Equation 6.21 and Equation 6.21) were
used to validate the fitting performance of the ARX model in frequency domain. More details

about the fitting performance and steady analysis were shown as follows.

_ sum((Amp(k)—-Amp(k))?) _

NRMSE = \/sum((Amp(k)—mean(Amp))z) Jk=1,..,15 (6.21)
_ sum((Pha(k)—Pha( k))?) _

NRMSE = \/sum((Pha(k)—mean(Pha))Z) Jk=1,...,15 (6.22)

B. ARX model built using Raw MIS Data collected by Probe 2a

The fitting performance of an ARX model in time domain, the model structure of that was
shown as Equation 6.19 and parameters of that were identified by least-squares method, was
illustrated in Figure 6.6, which compared measured outputs to simulated outputs. The ARX
model was built using a woman’s raw MIS data collected by Probe 2a and its NRMSE
computed by Equation 6.20 was 0.04. For the same woman, the fitting performance of the ARX
model in frequency domain was illustrated in Figure 6.7, which compared amplitudes and
phases obtained by ARX model and FPGA over 15 frequencies, respectively. The NRMSEs of
amplitude and phase computed by Equation 6.21 and 6.22 were 0.0067 and 0.0824 respectively.
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Figure 6.6: The time-domain fitting performance of the ARX model built using Raw MIS
Data collected by Probe 2a. Results presented between zero-mean measured voltages (blue)

and zero-mean simulated voltages (orange) over 0.192 seconds.
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Figure 6.7: The frequency-domain fitting performance of the ARX model built using Raw
MIS Data collected by Probe 2a. Results presented amplitudes (upper plot (ohm)) and phases
(bottom plot (degree)) obtained by the ARX model and FPGA respectively, over 15
frequencies ranging from 21 kHz to 1013 kHz.

C. ARX model built using Raw MIS Data collected by Probe 2c

The fitting performances of ARX model in time domain, the model structure of that was used
as shown by Equation 6.19 and parameters of that were identified by least-squares method, was
illustrated in Figure 6.8, which compared measured outputs to simulated outputs. The ARX

model was built using a woman’s raw MIS data collected by Probe 2¢c. The ARX model built
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y-sim mV

using raw MIS Data collected by Probe 2c was unstable in time domain, however, for the same
woman, the ARX model was fitted well in frequency domain and its performance was
illustrated in Figure 6.9, which compared amplitudes and phases obtained by ARX model and
FPGA over 15 frequencies, respectively, and its NRMSEs of amplitude and phase were 0.1416
and 0.1247 respectively.
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Figure 6.8: The time-domain fitting performance of the ARX model built using raw MIS
Data collected by Probe 2c. Results presented between zero-mean measured voltages (blue)

and simulated voltages (orange) over 0.192 seconds. The ARX model was unstable.
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Figure 6.9: The frequency-domain fitting performance of the ARX model built using Raw
MIS Data collected by Probe 2c. Results presented amplitudes (upper plot (ohm)) and phases
(bottom plot (degree)) obtained by the ARX model and FPGA respectively, over 15
frequencies ranging from 21 kHz to 1013 kHz.

The pole-zero plot was present in Figure 6.10, where there were five poles and five zeros of
the ARX model, of which, a complex-conjugate pole pair was out of the unit circle. The
instability of the ARX model may be caused by the design of cervical MIS device circuit of
Probe 2c. In order to gather cervical MIS data measured by Probe 2a and Probe 2c together
training a PTB risk prediction model, the key was to extract the same properties of cervical

MIS data measured by Probe 2a and Probe 2c. In this case, the proposed calibration method
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Imaginary Part

via modelling was used to correct the cervical MIS data, meanwhile the calibration via

modelling can also deal with the issue of unstable system.
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Figure 6.10: The pole-zero plot of the ARX model built using the Raw MIS Data collected
by Probe 2c. Results presented that there was a complex-conjugate pole pair (circled by red)

outside the unit circle. (orange circle: zero, blue cross: pole)

D. Calibration via modelling

The calibration via modelling was to remove components of the MIS device circuit and other
measurements which do not belong to the cervix. With comparison of pole-zero plots of the
ARX model built using raw MIS data measured by Probe 2a and the ARX model built using
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raw MIS data measured by Probe 2c, the component of the cervix was identified in Figure 6.11,
where the upper plot was the pole-zero plot of the ARX model built using raw MIS data
measured by Probe 2a and the bottom plot was the pole-zero plot of the ARX model built using
raw MIS data measured by Probe 2c. The common pole and zero presented in two pole-zero
plots represented the common component of two ARX models, which were assumed to be the
cervical component to be remained. The other poles and zeros were supposed to be the MIS
device circuit and other components unrelated to cervix, which were second-order systems to
be removed. In this case, the adjusted pole-zero plots were presented in Figure 6.12, where the

common pole and zero of two ARX models were remained. The adjusted structure of the ARX

z+zeroq

model was represented by a zero-pole-gain form of transfer function as H(z) = k P
1

Figure 6.13 showed the comparison of non-calibrated MIS spectra and calibrated MIS spectra,
where the non-calibrated MIS spectra were generated by the original ARX model built using
raw MIS data measured by Probe 2a, and the calibrated MIS spectra were generated by the
corresponding adjusted ARX model. Though the comparison, the calibrated MIS spectra
changed slightly from the non-calibrated MIS spectra.

Similarly, Figure 6.14 illustrated the comparison of non-calibrated MIS spectra and calibrated
MIS spectra, where the non-calibrated MIS spectra were generated by the original ARX model
built using raw MIS data measured by Probe 2c, and the calibrated MIS spectra were generated
by the corresponding adjusted ARX model. Unlike the ARX model built using raw MIS data
measured by Probe 2a, the adjusted ARX model of Probe 2c generated calibrated MIS spectra
which were different from the non-calibrated MIS spectra. The calibrated MIS spectra become
more similar to the calibrated MIS spectra generated by adjusted ARX model of Probe 2a. This
phenomenon would prove that calibration via modelling achieved the aim to gather cervical

MIS data measured by Probe 2a and Probe 2c together training a PTB risk prediction model.
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Figure 6.13: The comparison of non-calibrated MIS data and MIS data calibrated via
modelling, and both were from the same woman measured by Probe 2a. The non-calibrated
MIS data were generated by the original ARX model, and the MIS data calibrated via
modelling was generated by the corresponding adjusted ARX model. Results presented
amplitudes (Upper plot (ohm)) and phases (Bottom plot (degree)) of MIS data over 21 kHz to
1013 kHz.
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Figure 6.14: The comparison of non-calibrated MIS data and MIS data calibrated via
modelling, and both were from the same woman measured by Probe 2c. The non-calibrated
MIS data were generated by the original ARX model, and the MIS data calibrated via
modelling was generated by the corresponding adjusted ARX model. Results presented
amplitudes (Upper plot (ohm)) and phases (Bottom plot (degree)) of MIS data over 21 kHz to
1013 kHz.

125

1

<10°



6.5 Results of MIS-based PTB Risk Prediction

After MIS data (both real-time MIS data and raw MIS data) calibrated, six MIS datasets were
constructed as described in Chapter 6.3.3, which were MIS datasetla, datasetlb, datasetlc,
dataset2a, dataset2b, and dataset2c. Also, 100 training sets and 100 testing sets were created
from each MIS dataset. Therefore, 600 training sets and 600 testing sets were obtained, and
600 MIS-based PTB risk prediction models were trained according to the proposed machine

learning pipeline.

Unlike the training process where each woman’s records of cervix 1, cervix 2 and cervix 3
were regarded as three independent samples, in testing process, the three records of cervix 1,
cervix 2 and cervix 3 were input to a MIS-based PTB risk prediction model respectively, then
the model outputted three probabilities of PTB risk, which were averaged as the woman’s final
probability of PTB risk (illustrated in Figure 6.15).

PTB probability 1

cervix 1 \
MIS-based

cervix 2 > oital PTB probability 2 average —» final PTB probability

cervix 3 /

N

y

y

PTB probability 3

Figure 6.15: The illustration of testing process for a MIS-based PTB risk prediction model.

MIS: magnetic impedance spectroscopy, PTB: preterm birth.

The training and testing performances of 600 MIS-based PTB risk prediction models were
illustrated in Table 6.9 below. For datasets of combining 40 SYMP women and 44 AHR
women at their first visit, training AUCs of 100 MIS-based PTB risk prediction models trained
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by MIS datasetla ranged from 0.72 to 0.87, and testing AUCs were from 0.30 to 0.68; training
AUCs of 100 MIS-based PTB risk prediction models trained by MIS datasetlb ranged from
0.74 to 0.87, and testing AUCs were from 0.43 to 0.75; and training AUCs of 100 MIS-based
PTB risk prediction models trained by MIS datasetlc ranged from 0.81 to 0.95, and testing
AUCs were from 0.42 to 0.78.

For datasets of combining 40 SYMP women and 44 AHR women at their second visit, training
AUCs of 100 MIS-based PTB risk prediction models trained by MIS dataset2a ranged from
0.71 to 0.88, and testing AUCs were from 0.29 to 0.69; training AUCs of 100 MIS-based PTB
risk prediction models trained by MIS dataset2b ranged from 0.81 to 0.93, and testing AUCs
were from 0.44 to 0.76; and training AUCs of 100 MIS-based PTB risk prediction models
trained by MIS dataset2c ranged from 0.82 to 0.97, and testing AUCs were from 0.43 to 0.77.

From results, datasets of combining 40 SYMP women and 44 AHR women at their second visit
could improve a little on training MIS-based PTB risk prediction models and the models’
predicting ability. Besides, calibration via division and via modelling were better than

calibration via subtraction for M1S-based PTB risk prediction.
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6.6 Conclusion

This chapter has applied calibration approaches to implement the MIS data pre-processing,
where the first calibration was via substruction recommended by the ECCLIPPx 11, and the
additional two calibration approaches were proposed in this work, which were calibration via
division and calibration via modelling. Furthermore, this work applied the system identification
technique to create an ARX model using raw MIS data, and the ARX model was adjusted to
remain the cervical component only. After that, real time MIS data and raw MIS data were
calibrated for PTB risk prediction. Based on a machining learning pipeline of training the MIS-
based PTB risk prediction model, 600 MIS-based PTB risk prediction models using SVM
classifiers were trained on 600 training sets. From results, calibration via division and
calibration via modelling outperformed calibration via substruction for PTB risk prediction,
met the challenge of MIS data pre-processing and achieved the aim of gathering cervical MIS
data measured by Probe 2a and Probe 2c together to train a PTB risk prediction model. The
MIS-based PTB risk prediction models had good performances on training but presented poor

performances on predicting, and needed a more comprehensive further study.
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Chapter 7

7. Conclusions and Future Works

The PhD study work was based on the ECCLIPPx™ study and the ECCLIPPx Il study of
Electrical Impedance Spectroscopy and Magnetic Impedance Spectroscopy technologies for
PTB risk prediction. The aim of this study was to analyse Electrical Impedance Spectroscopy
signals and Magnetic Impedance Spectroscopy signals and develop machine learning-based
PTB risk prediction models. The significances, limitations and future works of this study were

concluded as follows.

Significances

(1) I analysed EIS data collected from 438 recruited women at 19 to 23 weeks of gestation. A
principle of identifying the optimum EIS spectrum among several recorded EIS spectra of one
woman was proposed to improve the quality of EIS data and the accuracy of PTB risk
prediction. The optimal-EIS spectrum filter model has been trained to select optimal EIS
spectrum, and the EIS-based PTB risk prediction model has been trained to predict PTB risk.
The best EIS-based PTB risk prediction model (an OBCC-based LR model) performed the
highest testing AUC of 0.85 (95% CI: 0.77 — 0.93, sensitivity: 0.70, specificity: 0.87), and a
training AUC of 0.81 (95% ClI: 0.74 — 0.86, sensitivity: 0.85, specificity: 0.68).

The proposed EIS-based PTB risk prediction model overcame the problem of EIS data
heterogeneity by applying the optimal-EIS spectrum filter model, compared with the general
EIS-based PTB risk prediction model without using the optimal-EIS spectrum filter model.
Also, the proposed EIS-based PTB risk prediction model guaranteed the generalizability in
some way, since the training data were from different age ranges and different risk levels, and

prolonged the prediction period from 21 days to 12 weeks on average.
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(2) I further considered a models-combining approach to achieve the combination of a cervical
EIS-based PTB risk prediction model and a maternal characteristics-based PTB risk prediction
model, improving the accuracy of PTB risk prediction. The maternal characteristics of the same
438 recruited women were analysed and used to train the maternal characteristics-based PTB
risk prediction model. The EIS-based PTB risk prediction was the OBCC-based LR model,
which has performed the best performances for PTB risk prediction. Based on the models-
combining approach, the SVM-based combined model and the LR-based combined model
were trained. The best combined model (a SVM-based combined model) had the highest testing
AUC of 0.89 (95% CI: 0.80 — 0.97, sensitivity: 0.60, specificity: 0.90), and a training AUC of
0.82 (95% CI: 0.76 — 0.89, sensitivity: 0.67, specificity: 0.85).

The combined model had an improvement on PTB prediction compared with PTB prediction
models only based on maternal characteristics, CL, fFN and EIS, and outperformed the state-
of-the-art models. Also, the combined model achieved to apply multiple PTB risk factors to

predict PTB risk and improve the accuracy.

(3) Finally, I analysed the MIS data collected from 84 recruited women at 18 to 35 weeks of
gestation. Before application of machine leaning for PTB risk prediction, two calibration
methods were proposed in this study to process both directly collected MIS data and raw MIS
data, which were calibration via division and calibration via modelling. After MIS data
calibrated, six MIS-based PTB risk prediction models were trained on different types of MIS

training sets to evaluate the feasibility of using MIS data for PTB risk prediction.

From results, two proposed calibration methods were better than calibration via substruction
recommended by the ECCLIPPx Il study. And calibration via modelling can achieve remove
information unrelated to cervix, to only remain cervical information. Therefore, this calibration
method can be regarded as a data pre-processing technique before building PTB risk prediction
model. The MIS-based PTB risk prediction models had good training performances, but had

poor testing performances. In this case, a further study is needed to carry on.

Limitations and Future Works

(1) For EIS-based PTB risk prediction models and combined models, most of their median
testing AUCs were greater than their mean testing AUCs. Also, testing AUCs of the best EIS-
based PTB risk prediction models and the best combined models were greater than training
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AUCs. The models need to be more generalized. In the future work, firstly I will analyse the
EIS data to ensure if there are outliers identified. If there are outliers, | will remove them and
then repeat the implements in Chapter 4 and 5 to check if there is any improvement. Secondly,
I will evaluate the training set and testing set to guarantee the sample can represent the
population. Thirdly, the non-linear correlation between EIS data and PTB risk needs to be

employed and evaluate to improve the feature selection approaches applied in this study.

(2) When applying the feature selection approaches applied in this study, the number of features
to select needs to be setup firstly according to prior knowledge, since these feature selection
approaches have no regularization term or penalty term to determine the number of features.
In future work, advanced feature selection methods or embedded feature selection methods can

be employed.

(3) The sample size of MIS data was not large enough to create a generalized machine learning
model. More MIS data need to be collected in the future. In some cases, cervical MIS signals
were weak, that means the differences between cervical values and air reference’s values or
between cervical values and vaginal values were not obvious. Only limited information can be
remained after calibration. In future work, the MIS device needs to be improved or evaluate

the quality of MIS data after measuring.
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