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Abstract

Background: Preterm birth is associated with a number of pathologies that affect respiratory
function. The identification of reduced lung function could aid with clinical diagnosis, earlier
intervention and improved clinical outcomes for preterm infants. We explored the use of inter-
breath intervals to predict the age at which healthy preterm infants’ lungs are functioning. This can
provide the groundwork to build a clinical tool that can assess preterm lung function in clinical
practice.

Methods: Inter-breath intervals, measured through vital signs monitoring, were longitudinally
recorded in healthy preterm infants with a post-menstrual age (PMA) < 37 weeks. Dataset 1,
consisting of data from 32 infants, was analysed to compute 49 respiratory and statistical features.
The relationship of these features with PMA was assessed through linear regression models. All
features were used as inputs to train selected machine learning models to produce a predicted
PMA. Mean Absolute Error (MAE) values were used to assess model accuracy.

Machine learning models with higher levels of accuracy were selected for the next stage of
analysis. Inter-breath interval data from dataset 2 were analysed, consisting of 66 infants across
161 recordings. 50 features were extracted and used as inputs to train the selected models to output
a predicted PMA. The most accurate model was used for further analysis to assess whether
performance is affected by sex (paired t-test), ventilation method (ANOVA), and post-natal age
(linear regression).

Results: 12 features from dataset 1 and 31 features from dataset 2 had a significant relationship
with PMA (p < 0.05). The most accurate model was the bagged trees model trained on all 50
features, with a MAE of 1.30 weeks. Sex (p = 0.17), ventilation method (p = 0.79) and post-natal
age (p = 0.99) did not affect model performance.

Conclusion: Inter-breath interval data offers novel directions for assessing the respiratory function

of preterm infants.
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Introduction

Preterm birth is defined by The World Health Organisation (WHO) as births before the
completion of the 37" gestational week of pregnancy.(1) Preterm birth can be expected
even in low-risk pregnancies with healthy mothers, with WHO suggesting the global
preterm birth rate ranged from 4-16% in 2020.(2) For example, studies such as the
Multicountry Foetal Growth Longitudinal Study (INTERGROWTH) involved 4321
pregnancies with a preterm birth rate of 5%.(3) A number of risk factors have been
associated with preterm births, although its exact aetiology is yet to be fully understood.(4)
Factors such as black ethnicity, adolescent and advanced maternal age pregnancies,
smoking and previous preterm pregnancies have all been shown to be risk factors, amongst
others. (5-7) Preterm birth directly increases mortality rates in neonates, with it accounting
for 35% of deaths among newborns.(8) It also may lead to complications such as
respiratory distress syndrome, necrotising enterocolitis and cerebral palsy, as well as

impacting longer term developmental outcomes.(9, 10)

Respiratory disorders are some of the most common pathologies affecting preterm infants.
(11) Examples include respiratory distress syndrome, apnoea of prematurity and
bronchopulmonary dysplasia.(12-14) It is estimated that 60-95% of infants born who have
a gestational age of < 32 weeks will require some sort of respiratory support during their
neonatal period.(15, 16) Understanding respiratory activity and how it evolves during a
preterm infant’s development is therefore essential in interpreting their overall health and
development.

It is widely accepted that respiratory function in preterm infants changes with age. A

number of studies have shown that as preterm infants develop, the number of apnoeic



events decrease, less time is spent with hypoxic oxygen saturations and breathing patterns
become more regular.(17-20) Respiratory activity has also been linked to broader aspects
of preterm health and development. More frequent episodes of tachypnoea have been
linked with slower rates of weight gain, suggesting that more irregular respiratory activity
may contribute to delayed physiological growth.(21) Respiratory activity has been shown
to be a predictor of common pathologies and declines in preterm infant health. Increased
respiratory rate variability and apnoea rates can increase prior to diagnosis of late-onset
sepsis, necrotising enterocolitis and escalations in respiratory support.(18, 21) It can
therefore be deduced that more rigorous assessments of preterm infant respiratory
development can lead to a better understanding of their overall clinical health and could
encourage earlier diagnosis and interventions of pathologies, leading to better clinical
outcomes. In particular, a method of monitoring and assessing respiratory activity in
relation to post-menstrual age (PMA) could be a useful tool utilised in clinical

neonatology.

Machine learning methods can be used to accurately predict the PMA of preterm infants
based on real-time measures such as heart rate variability and EEG activity.(22-25) These
age predictions, termed functional autonomic age (from heart rate variability data) and
functional brain age (from EEG data) were compared with the true PMA, and large
deviations between the measures are linked with long-term poorer developmental
outcomes.(22, 23) The use of continuous respiratory activity monitoring to produce a
similar age prediction (respiratory age) is yet to be considered. Such a tool has the
potential to be used in clinical practice to better understand preterm respiratory

development.



I hypothesise that continuous respiratory vital signs data can be used to train machine
learning models to accurately assess the respiratory age of healthy preterm infants. This
study will focus on infants expected to have normal respiratory development according to
their clinical history, meaning that the respiratory age predicted should be similar to the
true PMA. The study will provide the foundations for future work aiming to develop a
machine learning tool that can identify infants with abnormal respiratory development
through their respiratory age prediction differing from their true PMA, thus leading to

earlier diagnosis, intervention, and improved neonatal care outcomes.

Before presenting my research study, further detail on the background to the study,
including machine learning, foetal lung development and preterm respiratory pathologies,

is provided.

Foetal Lung Development

A zygote is a single cell containing a combination of DNA from both gametes, formed
during fertilisation.(26) The zygote undergoes multiple stages of mitosis to form a
blastocyst, a structure consisting of two tissue layers called the trophoblast and the inner
cell mass.(27) The trophoblast is the outermost layer that aids in implantation in the uterus
lining, provides nutrients for the developing embryo, and is involved in placenta
formation.(28) The inner cell mass gives rise to the formation of the foetus itself.(29) In the
second week of gestation, the inner cell mass differentiates into the bilaminar embryonic
disc, consisting of the epiblast (columnar epithelial cells) and hypoblast (cuboidal

epithelial cells).(30)



During the third week of gestation, the bilaminar embryonic disc is transformed into a
trilaminar embryonic disc in a process known as gastrulation. The three layers formed are
the endoderm, mesoderm and ectoderm.(28) This process starts with the formation of a
narrow groove called the primitive streak on the surface of the epiblast.(31) Cells of the
epiblast migrate towards the primitive streak and move beneath it in a process known as
invagination. Some of these invaginated cells displace the hypoblast to create the
endoderm, some fill the space between the epiblast and newly formed endoderm to form
the mesoderm, and the remaining cells in the epiblast form the ectoderm.(32) These three
germ cell layers give rise to all subsequent embryonic tissues and the respiratory system is

one of the structures that develops from the endoderm and mesoderm.(33)

The endoderm gives rise to the primitive foregut, and this is the site of formation of the
primordial lung buds which defines the embryonic stage of the development of the
respiratory system.(33) The pseudoglandular stage occurs during the 5"-17" gestational
week. During this stage, the lung bud epithelia repeatedly grow and bifurcate to form the
bronchial tree in a process called branching morphogenesis.(34) At around the 10" week of
gestation, the first foetal breathing movements start and these have been shown to promote
the differentiation and proliferation of these epithelial cells through the release of
serotonin.(35) By 16 weeks, many of the key components of the respiratory system have
started to develop except for those involved in gas exchange, such as the alveoli, making
respiration impossible at this stage. Foetuses born during this period are therefore unable

to survive.(31)

The canalicular stage occurs during the 16™-25" gestational weeks.(35) During this period,

the lumina of the bronchi and the terminal bronchioles expand and give rise to the alveolar
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ducts and terminal alveolar sacs.(36)Vascularisation also occurs at this stage through
angiogenesis, resulting in the first air-blood barriers forming.(37) It is at this point where
the foetus is able to first carry out gas exchange and thus may survive if given intensive

care.

The saccular stage, occurring between the 24™ and 36" gestational week, is an intermediate
stage where branching morphogenesis has terminated and alveolarisation is yet to
start(38). The alveolar sacs formed in the canalicular stage are lined by type I alveolar
epithelial cells which thin to allow intimate connections with the endothelial cells of the
surrounding capillaries thus expanding the blood-air barrier.(33) Type II alveolar epithelial
cells are also found in this region and start to produce surfactant, a phospholipid rich fluid
that lowers surface tension and increases chances of survival of an early premature

infant(39).

The alveolar stage occurs from 36 weeks gestation into childhood.(32) There are three
forms of the alveolar stage — classical alveolarization, continued alveolarization and
microvascular maturation.(34) During the saccular stage, a primary immature septa forms
between the airspaces which gives rise to a new secondary septa during classical
alveolarization. This new septa grows and subdivides the distal alveolar saccules into
smaller units, the alveoli, hence expanding the surface area for gas exchange.(40) This
process continues postnatally till childhood, but at a slower rate, and is known as
continued alveolarisation.(41) The third phase, known as microvascular maturation,
involves the fusion of capillary layers within the secondary septa into a single capillary
layer, thus making a more efficient surface for gas exchange(36, 42). Alveoli continue to

form during the first decade of postnatal life, increasing by at least 6-fold.(32) This is
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mainly through the growth of the secondary septa that subdivides existing primordial
alveolar sacs. Early foetal breathing movements are important for the conditioning of
respiratory muscles and the stimulation of lung development, but also result in the
aspiration of amniotic fluid into the lungs.(43) This fluid is cleared at birth through the
mouth and nose during vaginal delivery, and absorbed by the pulmonary vasculature and

lymphatic system.(31)

Preterm births result in respiratory development in an altered environment.(44)
Specifically, the in utero environment of a foetus is significantly more hypoxic in
comparison to the atmosphere in which preterm babies develop in after birth.(45) This
hypoxic environment is what drives key development processes such as bronchial
branching morphogenesis and vascularisation.(44, 46) The hyperoxic environment has
been shown to cause developmental abnormalities such as immature microvascular

development, leading to pathologies such as bronchopulmonary dysplasia.(47)

Pathologies and factors that affect preterm lung function

Respiratory Distress Syndrome



Respiratory Distress Syndrome in neonates is a disorder due to surfactant deficiency and
immaturity of the respiratory system, resulting in pulmonary dysfunction following birth.
(48) Surfactant is normally produced by type II alveolar epithelial cells (also known as
type II pneumocytes) which reduces surface tension and prevents alveolar collapse. In
respiratory distress syndrome, the lack of surfactant production leads to increased alveolar
surface tension and collapse, causing atelectasis and reduced gas exchange(49). Its
incidence is reported to be approximately 1% of newborns, with rates decreasing as
gestational age increases.(50) Risk factors include prematurity (<34 weeks gestation),
maternal diabetes, birth asphyxia and low birth weight.(51) It is also more common in the
white male population.(52) Symptoms typically present within the first 24 hours of birth
and include tachypnoea, grunting, intercostal and subcostal retractions, nasal flarings and
cyanosis.(53) Therefore, vital signs monitoring of measures such as respiratory rate and
oxygen saturations are key for the diagnosis of respiratory distress syndrome. Diagnosis is
usually made based on clinical symptoms and confirmed with evidence of oxygen
requirement. The Vermont Oxford Network (VON) defined this as arterial partial pressures
of lower than 6.6 kPa, central cyanosis in room air and the need for oxygen
supplementation to maintain saturations of > 85%.(50, 51) Diagnosis can also be
confirmed through imaging, with examples of typical x-ray findings being a diffuse
ground-glass appearance and hypoexpansion of the lungs. Management of respiratory
distress syndrome starts immediately following delivery with neonatal resuscitation.(54)
Oxygen saturations should be maintained between 90% and 94%, initially through non-
invasive respiratory support such as continuous positive airway pressure (CPAP), and then
mechanical ventilation if this fails. Surfactant should also be administered, firstly through
less-invasive means such as the use of a flexible catheter, then through more invasive

methods such as intubation.(55) Antenatal corticosteroids may be given between 24 and 36
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weeks gestation to stimulate surfactant production and decrease the risk of respiratory

distress syndrome.(55)

Bronchopulmonary Dysplasia

Bronchopulmonary dysplasia is a chronic lung disease that most commonly occurs in
infants who have needed mechanical ventilation and oxygen therapy as a result of
respiratory distress.(56, 57) The National Institute of Child Health and Human
Development (NICHD) defined bronchopulmonary dysplasia with the following criteria:
gestational age of < 32 weeks, persistent parenchymal lung disease, radiographic evidence
of parenchymal lung disease, and oxygen requirements at 36 weeks PMA for at least 3
days."® The aetiology of bronchopulmonary dysplasia is multifactorial. It has shown to be
linked with oxygen toxicity, as this increases production of cytotoxic oxygen free radicals
thus causing lung injury.(58, 59) Ventilator-associated lung injury due to volutrauma has
been linked with bronchopulmonary dysplasia, with studies showing its inverse
relationship with low PaCO2 levels.(60) It has also been linked to infants whose mothers
had chorioamnionitis and its suspected that this may be due to increased endotoxin
exposure whilst in an amniotic fluid environment, disrupting alveolar development. Other
factors linked to bronchopulmonary dysplasia development include patent ductus
arteriosus, concurrent infection and fluid overload causing pulmonary oedema.(53, 61, 62)
Premature infants with bronchopulmonary dysplasia may present with tachypnoea and
shallow breathing, intercostal and subcostal muscle retractions and wheezes heard on
auscultation.(63) Infants often have a reduction in lung compliance as a result of small
airway narrowing, interstitial fibrosis, oedema and atelectasis.(56) There is also an

increase in dead space ventilation and decrease in ventilation-perfusion damage due to
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unequal distributions of lung damage in bronchopulmonary dysplasia.(56) Management
includes strategies to reduce volutrauma such as permissive hypercapnia, where high
levels of CO2 are allowed but closely monitored by clinicians.(64) Other ventilatory
strategies include patient triggered ventilation and high-frequency oscillatory ventilation
and continuous positive airway pressure.(65-67) Corticosteroid therapy may also be used
to reduce the inflammatory pathways and improve gas exchange in bronchopulmonary
dysplasia.(68, 69) However, it is recommended to use corticosteroids with caution and in
low doses due to adverse effects such as increased risk of cerebral palsy, growth

suppression and immune deficiencies.(70, 71)

Apnoea of prematurity

Apnoea of prematurity (AOP) is a common pathology, prevalent in greater than 50% of all
preterm infants and all infants born before 29 weeks’ gestation.(72, 73) It is commonly
defined as a cessation in breathing at less than 37 weeks gestation lasting at least 20
seconds, or at least 10 seconds followed by bradycardia and hypoxaemia.(74) These
apnoeic episodes can result in cerebral deoxygenation, suppression of brain activity, and
have been linked to poorer long-term neurodevelopmental outcomes.(75-77) AOP arises
from immaturity of the lungs, brainstem, and brain-respiratory drivers and occurs as the
preterm neonate transitions from non-breathing gas exchange within the womb to
breathing ambient air. Specifically, AOP has been linked to aberrant activity of both central
and peripheral chemoreceptors and poor neuromuscular control causing reduced upper
airway patency.(19, 78) There has also been some evidence linking AOP to underlying
genetic mechanisms. Studies have shown that polymorphisms in the A1 and A2A

adenosine receptor genes have been associated with a higher risk of AOP and varying
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response to methylxanthine treatment.(18, 79) Treatment used in clinical practice includes
methylxanthines such as caffeine. The mechanism behind this is still unclear, however
mechanisms thought to be involved include the stimulation of adenosine A1 receptors in
the brainstem which regulates the hypoxic ventilator drive through increased hypercapnia
sensitivity, decreased hypoxic suppression of respiration and increased diaphragmatic

contractility.(80)

Sepsis

Sepsis is defined as a severe systemic inflammatory response due to a documented or
suspected infection.(81) Neonatal sepsis can be classified based on the timing of
presentation into either early-onset sepsis or late-onset sepsis. Early onset sepsis is due to
vertical transmission from the mother and presents within the first 72 hours of life.(82)
Late onset sepsis presents after 72 hours of life and is typically acquired from the neonates
surrounding environment, and in more rare cases, late-presenting from vertical
transmission.(83) The most common causative pathogens of early onset sepsis are Group
B streptococcus and Escherichia coli (E Coli), which account for almost 70% of cases.(84)
Late-onset sepsis is typically caused by a range of pathogens, including gram-positive
agents such as coagulase-negative staphylococci, gram-negative agents such as E coli, and
fungal pathogens including candida albicans.(85, 86) Sepsis typically effects multiple
organ systems as it develops, beyond the original site of infection. These systems include
the neurologic, cardiovascular, respiratory, gastrointestinal and genitourinary systems. (85,
87, 88) Example respiratory symptoms include apnoea, tachypnoea, desaturations, grunting
and intercostal muscle retractions which all effect normal respiratory functioning of the

neonate.(89, 90) Management is mainly through empirical antibiotic therapy and is
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narrowed following culture results to target specific pathogens based on sensitivities to

varying antibiotics.(91, 92)

Morphine sulfate

Morphine sulfate is an opioid agonist that selectively binds to mu receptors. This occurs
when morphine sulfate binds and activates g-protein coupled receptors, leading to a
reduction in cyclic AMP (cAMP), reduced calcium influx at the pre-synaptic terminal, and
hyperpolarisation of the post-synaptic neuron due to an efflux of potassium ions. As a
result, ascending neuronal pain pathways are inhibited.(93, 94) Morphine sulfate also
causes a number of adverse effects including sedation, respiratory depression, constipation,
nausea and vomiting.(95) It is common practice to prescribe morphine to neonates,
typically when they undergo painful procedures or are put on mechanical ventilation.(93)
Morphine causes respiratory depression through binding to mu opioid receptors at key
centres such as the pre-Botzinger complex (which normally plays a role in driving
ventilatory rhythm), and depressing chemoreceptor detection of high CO2 and low 02

levels.(96, 97)

These pathologies and medications are examples of prevalent factors that alter respiratory
function in preterm neonates. Following the development of our machine-learning model
to accurately assess the respiratory age of healthy preterm infants, future work may focus
on identifying infants with altered respiratory function, potentially as a result of these
factors, through giving them a respiratory age which differs from their PMA. This could

aid clinicians as it may prompt earlier investigations to identify which specific pathology is
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leading to this abnormal respiratory functioning, hence leading to earlier diagnosis,

intervention and improved clinical outcomes.

Artificial Intelligence and Machine Learning

Machine Learning is based on models that can learn, analyse, and evaluate data to make
predictions or decisions.(98) The general approach of machine learning models is that they
learn patterns between the data and outcomes. They then are tested on a separate subset
with the same type of data to evaluate how effective the model is at predicting outcomes
based on the patterns it learned from the training data.(99) The use of machine learning in
clinical practice is a rapidly growing field.(100) It has been used to learn, reason and

assess clinical outcomes, including in neonatology.

A review on the use of artificial intelligence and machine-learning in neonatology reflected
on the importance of continuous vital signs monitoring, particularly in the neonatal
intensive care unit (NICU).(94) Machine learning algorithms have been incorporated into
continuous vital signs monitoring devices to reduce the rate of false alarms for incidences
such as apnoea and earlier recognition of disease states, sometimes hours before clinical
signs start to show.(101-103) Vital signs such as heart rate are currently used in clinical
practice, incorporated into scoring systems, to aid with early diagnosis and intervention of
specific pathologies.(104) As an example, the HERO score uses heart rate variability from
continuous ECG monitoring to aid with earlier sepsis diagnosis. Studies have shown that
infants with continuous ECG monitoring had lower mortality rates, and that the HERO

score elevated at earlier time points compared to other commonly used sepsis.(105, 106)
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These models learn patterns in the training dataset via three main learning approaches: a)
supervised b) unsupervised and c) reinforcement learning. Supervised learning is when the
model is trained on a dataset with labels, e.g. a clinician has identified and labelled the
clinical outcomes in question. It is then tested on an unlabelled dataset to predict the
outcomes in new cases.(107) Supervised learning can be used for discrete outputs
(classification) or continuous outputs (regression). Unsupervised learning is an approach
where the model tries to identify patterns or groups within the data without using labelled
outcomes.(108) For example, it may be used clinically to identify patients with similar
clinical or physiological data and relate this to whether they have a specific pathology.(99)
Reinforcement learning involves the model defining rewards and punishment functions for
actions within a time-series; if the correct action is taken, the model is rewarded.(109) In a
clinical context, this may be used to train a model to diagnose a pathology via a number of

steps that maximises the possible rewards.(110)

The current study aims to assess models using the supervised learning approach, with the
data labelled according to the PMA of the baby. Models such as linear SVM, bagged trees,
Gaussian Process Regression, Linear Regression and Wide Neural Networks will be used
with the aim to produce a predicted respiratory age based on features derived from the
respiratory vital signs activity. Each data point consists of a set of input respiratory features
and a known target label — the true infant PMA. The models will learn relationships
between the input features and the true PMA. In order to prevent the models from learning
patterns specific to the particular training dataset (known as overfitting bias), 5-fold cross-
validation will be used. In this approach, the dataset is divided into 5 subsets, and the
models are trained on 4 of these. The remaining subset is used as a test dataset where the

model is not provided with the true PMA — instead, it must produce a predicted PMA based
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on the patterns learned in the other folds. This process is repeated 5 times, so each fold
serves as the test set once. The model’s accuracy is determined by the average difference
(in weeks) between the predicted PMA and the true PMA across all folds. Future steps
would be to then test these models on an independent dataset which the model has not

come across yet, to assess how accurate the predicted PMAs are.

Aims and hypotheses

The aims of the current study are twofold. The first aim is to determine whether machine
learning models can use respiratory activity and derived features to accurately predict the
post-menstrual age of healthy preterm infants. The second, is to determine whether clinical
factors such as ventilation, and demographic factors such as sex, influence the
performance of the model. It is hypothesised that preterm infant respiratory activity can be

used to train an accurate machine learning model to predict post-menstrual age.

Methods
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Data from a total of 98 infants were used across two cohorts. Dataset 1 comprises of
retrospective vital signs data obtained from the research database of our group, the
Paediatric Neuroimaging Group, collected as part of two previous cross-sectional studies.
(111) Dataset 2 is made up of two subsets. 2a consists of vital signs data I collected for 24
hours prospectively as part of this study. Dataset 2b consists of data from a separate
ongoing study where vital signs are recorded continuously throughout the infant’s stay in
the neonatal unit. For the purpose of this analysis, a 24-hour period from each week of

these continuous vital signs recordings for each infant was selected.

These data were collected at the Newborn Care Unit of the John Radcliffe Hospital,
Oxford University Hospitals NHS Foundation Trust, Oxford, UK between 2021 to 2023
for dataset 1, 2024 to 2025 for dataset 2a, and 2019 to 2025 for dataset 2b. Studies were
approved by the National Research Ethics Service (ethics references: 12/SC/0447;
11/L0O/0350; 23/NW/0155). Data were only collected from infants whose parents or legal
guardians had given verbal and written consent before participation in the relevant
research study. All studies complied with the Declaration of Helsinki and guidelines on

Good Clinical Practice.

The inclusion and exclusion criteria for both datasets are outlined in Table 1

Dataset 1 Datasets 2a and 2b
Inclusion ¢ Infants with continuous ¢ Infants with continuous
Criteria vital signs recordings vital signs recordings
¢ Infants aged <37 weeks ¢ Infants aged <37 weeks
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PMA* PMA

Exclusion Grade III or IV Grade III or IV

Criteria intraventricular intraventricular

haemorrhage, haemorrhage,
Hypoxic ischaemic Congenital
encephalopathy, abnormalities affecting
Congenital respiratory function
malformations, Receiving opioid
On mechanical analgesics at the time of
ventilation, study

Receiving opioid
analgesics at the time of
study

History of maternal
substance misuse during
pregnancy.

Receiving antibiotics at
time of study *

Repeat recordings on the
same infant *

Receiving antibiotics at
time of study

Table 1: Inclusion and exclusion criteria for both dataset 1 (retrospective analysis) and
dataset 2 (prospective data collection). The ‘*’s denote criteria added as part of the

current study analysis.

Inclusion and exclusion criteria for infants from dataset 1 were applied during the original
data collection phase for a study that examined EEG and vital signs. The original exclusion
criteria for this dataset were chosen as these factors may have acted as confounders when
interpreting the EEG recordings as they have been shown to impact brain activity. The
exclusion criteria added as part of this retrospective analysis are labelled in Table 1 with
“*’s, Infants > 37 weeks at the time of recording were excluded to mirror the preterm
population of dataset 2. Infants receiving antibiotics at the time of study were excluded to
minimise the inclusion of infants with an active infection. This is because infection has
been shown to alter lung function and therefore could confound the relationship between

respiratory activity and PMA.(89, 90)
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Exclusion criteria for infants in dataset 2 were chosen due to their effects on respiratory
system functioning.(89, 90, 97) Whether a congenital abnormality was deemed to affect

the respiratory system was determined on a case-by-case basis by the clinical team.

Factors Dataset 1 Dataset 2a Dataset 2b

Total Infants 32 30 36

Total Recordings 32 30 131

Median Recording Length (Hours) 2.0 24.7 24.0

Age

Gestational age at birth (weeks) 29.7 (23.6-35) 29.6 (24.1-34.9) 30.2 (28.1-32.7)

Postmenstrual age at recording 33.1(28.9-36.9) 31.5(26.4-36.0) 32.1(29.6-34.1)

(weeks) 3.5(0.9-8.9) 1.9 (0.4-5.6) 1.9 (0.4-4.7)

Postnatal age at recording (weeks)

Birthweight (g) 1336 (550- 1324.5 (550- 1425.8 (635.0-2120.0)
3,075) 2970)

Sex

Females 17 (53.1) 11 (36.7) 13 (36.1)

Males 15 (46.9) 19 (63.3) 23 (63.9)

Mode of delivery

Normal vaginal delivery 8 (25.0) 1(3.3) 6 (16.7)

Elective Caesarean section 5 (15.6) 3 (10.0) 6 (16.7)

Emergency Caesarean section 19 (59.4) 24 (80.0) 21 (58.3)

Breech vaginal delivery 0 (0) 1(3.3) 1(2.8)

Ventouse/Forceps 0 (0) 1(3.3) 2 (5.6)

Apgar scores

Apgar at 1 minute 6.5 (0-10) 7.8 (4.0-9.0) 7.1 (1.0-10.0)

Apgar at 5 minutes 8.9 (3-10) 8.6 (5.0-10.0) 8.9 (5.0-10.0)

Apgar at 10 minutes 9.7 (6-10) 9.0 (5.0-10.0) 9.6 (7.0-10.0)
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Ethnicity

White 18 (56.3) 23 (76.7) 23 (63.9)
Asian 3(9.4) 2 (6.6) 3(8.4)
Black 0 (0) 0 (0) 1(2.8)
Mixed 5 (15.6) 3 (10.0) 1(2.8)
Other 1(3.1) 2 (6.6) 0 (0)
Information not recorded 5 (15.6) 0 (0) 8 (22.2)
Respiratory distress syndrome

Yes 26 (81.2) 25 (83.3) 32 (88.9)
No 6 (18.8) 5(16.7) 4 (11.2)
Patent ductus arteriosus

Past treated 3(9.49) 0(1.9) 0 (0)
Ongoing Condition 7(21.9) 8 (26.7) 2 (5.6)
No 22 (68.9) 22 (73.3) 34 (94.4)
Jaundice

Past treated 29 (90.6) 16 (53.3) 20 (55.6)
Ongoing Condition 0 (0.0) 1(3.3) 2 (5.6)
No 3(9.4) 13 (43.3) 12 (33.3)
Level of care

Intensive Therapy Unit 5 (15.6) 13 (43.3) 4(11.1)
High Dependency Unit 12 (37.5) 15 (50.0) 24 (66.7)
Low Dependency Unit 15 (46.9) 1(3.3) 8 (22.2)
Information Not Recorded 0 1(3.3) 0 (0)
Respiratory support

High flow therapy 12 (37.5) 10 (33.3) 29 (22.1)
Low flow therapy 2 (6.2) 0 (0) 20 (15.3)
Spontaneous ventilation 18 (56.2) 13 (43.3) 72 (55.0)
SIPPV 1(3.3) 1(0.8)
Information not recorded 0 (0.0) 6 (20.0) 9 (6.9)

Table 2: Infant demographics across all three datasets analysed. Reported values are the mean

(range) or number (%).
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Data Collection

Data collection for Dataset 2A

Dataset 2A was collected specifically for this study. I recruited the infants in this dataset
and recorded the data myself. Due to the lack of intervention in this study, with us only
recording vital signs data that is already being monitored, over 90% of parents were happy
for their infant to take part in the study as shown in table 3. A small number of challenges
were faced during data collection. There was no lower age limit for our target age range
(<37 weeks PMA), however, the number of babies with low PMAs, specifically <30
weeks, was noticeably lower. This can be put down simply to the lower frequency of
preterm infants born at this age range, as well as the higher rate of pathologies such as
infection and the higher likelihood of infant’s receiving opioids at lower PMAs. The other
challenge was navigating through the higher number of research studies happening on the
Newborn Care Unit at the John Radcliffe Hospital. There would be occasions where an
infant would be eligible for a number of research studies so a balance needed to be found

between overwhelming the parents with research and trying to increase recruitment rates
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for each study. Daily neonatal recruitment meetings aim to ensure relevant studies are
discussed across research teams and considered so that parents are not overwhelmed. As
several other studies are currently running on the neonatal unit relevant to infants born at
early gestational ages this may have also impacted the number of infants studied at lower
PMAs. Overall, however, once parents were approached, the vast majority were happy to

take part in the current study.

Families 33
Approached
Consent Given 30
Declined 3
Infants Recorded 30
Total Recordings 33
(Including Repeats)
Withdrawals 0

Table 3: Recruitment numbers for dataset 2a, conducted on the Neonatal Unit at the John
Radcliffe Hospital, Oxford.

Recording methods

Infants in both datasets had continuous vital signs monitoring as the standard of care by a
Phillips Intellivue MX800 or MX750 monitor. Recordings were continuously downloaded
from the monitor onto a research recording laptop using iXtrend (ixitos, Germany), an
electronic data capture software. The median vital signs recording lengths for all datasets
are shown in Table 2. Three electrodes placed on the infants’ chest recorded
electrocardiograph (ECG) data at a sampling rate of 250 Hz for heart rate, and impedance
pneumography (IP) traces at 62.5 Hz for respiratory rate. A probe on the infant’s hand or

foot recorded photoplethysmography (PPG) data at 125 Hz for oxygen saturations and
23



pulse. The pre-processed monitor data of heart rate, respiratory rate, oxygen saturations

and pulse rate were also downloaded at a sampling rate of 0.97 Hz.

Analysis

MATLAB (ver. R2024b; MathWorks Inc., Natick, USA) was used to analyse vital signs
data.

Inter-breath intervals (IBIs) were automatically extracted from the impedance
pneumograph (IP) traces using an algorithm developed previously.(112) (1). To briefly
summarise, the algorithm consists of three main steps. First, artefacts in the IP trace due to
infant movement or cardiac electrical activity, and not respiration, are filtered and
removed. The second step of the algorithm uses an adaptive threshold to identify
individual breaths and take into account variations due to factors such as shallow breathing
and changes in electrode positioning. A breath is identified when the IP signal crosses the
threshold. The threshold is 0.4 times the standard deviation of the previous 15 breaths and
thus varies with variations of IP signal amplitude over time. (The threshold of 0.4 times the
standard deviation was used as this was found to be the most optimal after comparing
breaths detected by the algorithm for different thresholds with ones identified by clinical
members of staff visually observing the infant’s breathing in the algorithm validation data
set.(112) The final step of the algorithm uses a linear SVM classifier to identify which of
the central apnoeas (defined as IBIs > 15 s) identified in step 2 are true and which are
artifactually low signals and thus false apnoeas. Another machine learning model was then
applied to identify true and false short pauses in IBIs (5 to 15 seconds). Following the
application of the two SVM classifiers, the dataset consisted of IBIs without falsely

identified pauses due to shallow signal amplitude. Figure 1 shows an example apnoea of

24



25.6 seconds. Regular breathing was observed before and after the apnoea (as indicated by

the red dots representing individual breaths).

IP Signal and IBI Times vs Time

Filtered IP Signal (Q)

Filtered IP Signal
L_® IBITime

0 10 20 20 a0
Time (s)

Figure 1: Example apnoea. The filtered IP signal (blue) and individual breaths detected by
the algorithm (red dots) across time. Inter-breath intervals are the time between breaths,
and the large gap in breaths denotes an apnoea (temporary cessation in breathing).

The IBI data from both datasets were analysed to obtain features to be used as the inputs

into the selected machine learning models. The output of these models was respiratory age.

Feature selection

To develop a machine learning model that produces an accurate respiratory age, multiple
features of the IBI distribution were considered. Obvious metrics to use were those that are
currently used clinically to assess respiration — the respiratory rate and apnoea rate. To
identify other possible features existing literature was searched. A study by Iyer et al.
(2022) used heart rate variability data from preterm infants, obtained from ECG
recordings, to produce a functional autonomic age which was strongly correlated with

PMA. They used 50 computed heart rate variability features as inputs into a machine
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learning model, specifically a Gaussian Process Regression Model, to produce the
functional autonomic age. Specifically, these 50 features were computed from NN
intervals that were determined by the intervals between the R peaks of the ECG
recordings. This compares similarly to the IBI data of our current study as both forms of
data are measures of time intervals of physiological rhythms (see figure 2). We therefore
applied similar feature extraction methods to our IBI data by adapting the code provided
by Iyer et al. (2022) which can be found here:

https://github.com/brain-modelling-group/Estimate-FAA.(22)

mV +— RR interval ——
R R

Afpre s

S sec
1 Square = 0.1 mV /0.04 sec

Figure 2: RR interval of an electrocardiogram(113)

The features included common statistical measures of distribution, spectral measures and
entropy measures. The specific respiratory measures of respiratory rate and pauses in
breathing (defined as an IBI of > 5 seconds) were added to the list obtained from the HRV
study. Respiratory rate was calculated by dividing 60 (seconds) by the median of the IBIs.
An extra feature, apnoea (defined as an IBI of >15 seconds), was added for analysis of
dataset 2. It was left out of dataset 1 analysis due to the low frequency of apnoeic events
lasting >15 seconds due to the shorter recording periods. The final list of features used to

analyse datasets 1 and 2 are listed in table 4.
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Table 4: List of all features extracted from the IBI data of both dataset and dataset 2.

Features with ‘A’s denotes ones only used in dataset 2.
Features with *s are defined in table
A burst: Sustained period of longer IBIs as seen when plotting IBIs against time

27

Respiratory Basic Spectral Entropy Power Law Non-Linear
Measures Statistical Measures Measures Exponents Measures
Features
Respiratory Mean Band Power Sample Median
Rate 1% Entropy* BA Average* SNLEO*
Apnoea Rate Median Band Power Short-Term Hurst
(5 seconds) 2% IBI
Variability* BN*
Apnoea Rate IBI 5" LF Long-Term
(15 seconds) A Percentile Normalised* IBI BN*BA
Variability* Average*
IBI 95" HF Fractal
Percentile Normalised* Dimension BWHCc*
Minimum HF:LF Ratio* | IBI MSE Scale
IBI 1* BWHm*
Maximum Frequency IBI MSE Scale
IBI Width at Half 2% Power Law
Maximum (Alpha)
Range Frequency IBI MSE Scale
Width 3* PLBSKc*
Area* Instantaneous | IBI MSE Scale
Autospectrum 4* PLBSKm*
Standard Median
Deviation Spectral
Entropy* PLXmin*
Skewness Max PSE*
Kurtosis Shannon
Entropy
Renyri
Entropy
Max Perm
Ent*
Approximate
Entropy
Fuzz Entropy
Conditional
Entropy
LZC*




Feature Name

Abbreviation

Definition

Area

Total sum of IBIs over time, calculated
using trapezoidal integration. This
represents the area underneath the curve
when plotting time vs IBI.

Low Frequency Spectral
Power

LF Normalised

Comparison of the slow IBI changes (low
frequency spectral power) with the overall
variability in IBIs (standard deviation)

High Frequency Spectral
Power

HF Normalised

Comparison of the fast IBI changes (high
frequency spectral power) with the overall
variability in IBIs (standard deviation)

Frequency Power Ratio HF:LF Ratio The balance between the fast and slow
changes in IBI signal
Lempel-Ziv Complexity LzZC A measure of how many different patterns
appear in the IBI sequence. Higher values
indicate more variation.
Burst Area Average BA Average The mean area of each burst, calculated by
adding the IBIs for every burst in a
recording
Burst Number BN The Total Number of Bursts
Burst number * Burst Area BN*BA Average The product of the Burst Number and the
Average Burst Area Average
Burst Width Height BWHc The intercept of a simple linear regression
Intercept line for the height and width of each burst
Burst Width Height BWHm The gradient of a simple linear regression
Gradient line for the height and width of each burst
Burst Skewness Kurtosis BSKc The intercept of a simple linear regression
Intercept line for the skewness vs kurtosis of each
burst
Burst Skewness Kurtosis BSKm The gradient of a simple linear regression
Gradient line for the skewness vs kurtosis of each
burst
Power Law (alpha) Alpha A measure of the spread of burst areas
across a recording. A large alpha value
indicates fewer larger burst areas.
Minimum Burst Value Xmin The smallest burst area value
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Band Power 1

BP1

The average statistical power of periods of
slow changes in IBI across time

Band Power 2

BP2

The average statistical power of periods of
fast changes in IBI across time

Instantaneous
Autospectrum

Inst Spec

A measure of the overall fluctuation of IBIs
by looking at the speed of breathing
rhythms and when they occur

Sample Entropy

A measure of how predictable the IBIs are
by looking at how regular breathing patterns
occur. A low value indicates more regular
breathing

Short-term IBI variability

SD1

A measure of how consecutive IBIs differ
from each other

Long-term IBI variability

SD2

A measure of how IBIs change over a many
breaths

Fractal Dimension

A measure of how complex the IBI patterns
are, with higher values indicating more
irregular and intricate breathing patterns

IBI Multiscale Entropy 1-4

IBI MSE 1-4

A measure of the unpredictability of
breathing patterns across different scales

Median Spectral Entropy

Spectral Entropy is the measure of the
spread of IBI signal across different
breathing patterns. The median gives a
representation of this across the whole
recording.

Maximum Permutation
Spectral Entropy

Max PSE

The point at which breathing rhythms were
most evenly mixed, with no single rhythm
dominating

Maximum Permuation
Entropy

Max Perm Ent

The most irregular point in the breathing
patterns during the recording

Median Signal Nonlinear
Energy Operator

Median SNLEO

SNLEO is a measure of sudden changes in
IBI amplitude; the median represents a
typical size of these changes

Table 5: Selected features defined along with abbreviations used throughout text
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Dataset 1

Each respiratory feature’s relationship with PMA was analysed. Simple linear regression
models, looking at the correlation of each feature with PMA, were used to identify
statistical correlations. Simple linear regression models were chosen as dataset 1 consisted
of only infants with one test occasion and no repeats. This exploratory analysis provided
insights into the relationship between PMA and the selected features. Additionally,
visualisation of the data allowed for an initial assessment of the trends in respiratory
features with PMA.

Machine Learning model training was carried out on the MATLAB Regression Learner
App. The specific models used were linear SVM, bagged trees, Gaussian process
regression, linear regression models and wide neural networks. All 50 features were
inputted into the selected machine learning models which gave an output of predicted
PMA i.e. respiratory age. Features were then ranked in ascending order of p-values,
computed from the simple linear regression analysis. Selected models were then trained
again on only features with significant correlations (p< 0.05) as inputs, thus providing a
data driven approach for feature selection. Model accuracy was measured through the
mean absolute error values produced through 5-fold cross-validation. Scatter plots were
also produced for each machine learning model, plotting the true PMA against the
predicted respiratory age.

The correlation between the predicted PMA and the true PMA in the 3 most accurate
models was assessed using Pearson’s correlation coefficients. This exploratory approach

gave us an initial insight into the predictive accuracy of the models.
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Dataset 2

The types of machine learning models that performed best in dataset 1 were retrained with
data from dataset 2. As before, simple linear regression models were used to rank features
in order of p-values. The models were trained on 3 sets of features: a) on all 50 respiratory
features b) on the statistically significant features (p < 0.05) from the regression analysis
on dataset 2 c) the statistically significant features from dataset 1. Scatter plots of true
PMA versus predicted PMA were plotted to visualise model performance, and accuracy
was assessed through the mean absolute error from 5-fold cross validation. The correlation

between the predicted and true PMA was assessed using Pearson’s correlation.

The model with the lowest MAE was then selected for further analysis, specifically
looking at variability of the prediction errors between different clinical subgroups within
dataset 2. The subgroups compared were males versus females, and the different
ventilation methods during recordings (high-flow, low-flow and self-ventilation). Infants
on synchronised intermittent positive pressure ventilation (SIPPV) were excluded from
this part of the analysis due to low numbers within the dataset (2 infants). The prediction
error for each infant was calculated through subtracting the model’s output (predicted
PMA) from the true PMA and converting these all to positive error values giving the
absolute error. The differences in prediction errors were assessed with statistical

significance through a paired t-test for sex and one-way ANOVA test for ventilation mode.

Post-natal age was defined as the difference between the PMA at time of recording to the
PMA at birth. The impact of post-natal age on the absolute prediction accuracy of the most

accurate machine learning model was analysed through a scatter plot. This plotted the
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post-natal age against the absolute prediction errors for each infant (converting the
prediction errors to all positive values), along with a line of best fit computed through a
simple linear regression model. This analysis aided in visualising if the post-natal age had
any impact on model performance. Correlation between the absolute prediction error and

post-natal age was assessed through a Pearsons correlation test to get an r and p value.
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Results

Respiratory features correlate with PMA
Dataset 1 consisted of 32 infants with a PMA range of 28.9 to 36.9 weeks.

The relationship between the respiratory feature and PMA varied greatly depending on the

respiratory feature. 24.49% (12 out of 49) of respiratory features had a significant

relationship with PMA (Figure 3 and Appendix Figure 1). The minimum IBI data was

approximately 0.3 seconds for all infants, meaning that the range and maximum IBI data

were almost identical. Respiratory features that had a significant relationship with age

included measures from basic statistical features (respiratory rate, mean IBI, skewness,

kurtosis) and various entropy measures (such as Renyri entropy). While the remaining 37

features (Appendix Figure 1) were not significantly correlated with PMA at a significance

level of 5%, this should be interpreted with caution due to the sample size, with some

features demonstrating a clear trend with PMA.
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Figure 3: Scatter plots showing the relationship between 6 respiratory features and postmenstrual age (PMA) for dataset
1. The features with the 3 highest and 3 lowest p values have been selected. The red line represents the line of best fit
from simple linear regression models. Plots for all features are shown in Appendix Figure 1 .



Can respiratory features predict age? Initial model training (Dataset 1)

Selected machine learning models were trained with all 49 of dataset 1’s features used as
inputs and predicted PMA as the output. The scatter plots of the true versus predicated
PMAs from the machine learning models are shown in figure 4. The mean absolute errors
assessing the accuracy of these models are shown in table 6. Following training with all
features, the linear SVM, bagged trees and Gaussian process regression models all
performed to a higher degree of accuracy (MAEs of 1.74, 1.71 and 2.08 weeks
respectively) when compared to the wide neural network and linear regression models
(MAE:s of 8.01 and 4.58 weeks respectively). The three more accurate model types were
then trained using only the 12 statistically significant dataset 1 features and produced
similar MAEs (Figure 5), with the bagged trees and Gaussian Process regression models
having a slight decrease (1.66 and 1.86 weeks) and the linear SVM a small increase in
MAE (1.76 weeks). It is worth noting that the correlation coefficients and p values for
Linear SVM, Bagged Trees and Gaussian Process Regression models in dataset 1 indicated
a poor correlation between the true and predicted PMAs (Table 6).

The mean absolute errors and correlation results from dataset 1 training suggests that this
data cannot be used to accurately assess respiratory age. However, there were a number of
limitations during this process. The sample size (32) and data length (median 2.0 hours)
may have been too short, as indicated by the lack of apnoeas lasting >15 seconds. Indeed,
apnoea rate is known to decrease with age, but the data length may have been too short to
accurately assess this feature. Similarly, measures such as skewness and kurtosis may not
have been accurately assessed in such a short recording length. These two factors (sample
size and data length) are overcome in dataset 2. Nevertheless, the exploration here
demonstrated the potential of addressing this research question given that some features

correlate well with age.
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Figure 4: Predicted vs true postmenstrual age (PMA) for five machine learning models with 49 respiratory feature inputs
Each scatter plot compares the PMA with the predicted PMA by 5 different machine learning models for all infants in dataset 1.

The black line represents the perfect prediction line. The models included are a) Linear SVM b) Bagged Trees c) Gaussian process
regression d) Wide neural networks e) Linear regression

All Features 12 Significant Features
Machine Learning | MAE r p MAE r p
Model
Gaussian Process 2.08 -0.26 0.16 1.86 -0.08 0.66
Regression
Linear SVM 1.73 0.15 0.41 1.76 0.16 0.38
Bagged Trees 1.71 0.10 0.59 1.66 0.27 0.2
Wide Neural 8.01
Network
Linear Regression | 4.58
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Table 6: Mean Absolute Errors (MAEs) and Pearson correlation r and p-values for machine learning models trained on
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Figure 5: Predicted vs True postmenstrual age (PMA) for three machine learning models with 12 respiratory feature

inputs

Each scatter plot compares the PMA with the predicted PMA for 3 machine learning models for all infants in dataset 1. The 12
respiratory feature inputs were selected as they had statistically significant p values (p < 0.05) from a simple linear regression

model. The black line represents the line of best fit from simple linear regression. The models included are a) Linear SVM 2)
Bagged Trees 3) Gaussian Process Regression
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Does model accuracy improve with increased data length? (Dataset 2)

50 features were extracted from all participants in dataset 2 due to the addition of the
apnoea rate (15 second breathing pauses) feature. 62% of the features (31 of 50)
significantly correlated with PMA (Appendix Figure 1). All 3 models had the highest
accuracy when trained on all 50 features (Table 7, Figure 6) in comparison to when only
features that correlated significantly with age were used and when training the model on
the dataset 2 according to the features that significantly correlated with age in dataset 1
(Table 7), though all models performed similarly well. In contrast to the models trained
with dataset 1 (Table 7), all three models showed moderate positive correlations between
predicted age and true PMA (Table 7, Figure 6, r = 0.34 - 0.49, p < 0.0001). Nevertheless,

there is still a clear poorer performance in the models in the youngest infants (Figure 6).

All Features 32 Significant Features| 12 Significant Features
(Dataset 2) (Dataset 1)
Machine | MAE | r p MAE | r p MAE | r p
Learning
Model
Linear 1.35 | 0.45| <0.0001 | 1.45 | 0.43 | <0.0001 § 1.39 | 0.34 | <0.0001
SVM
Bagged 1.30 | 0.47 | <0.0001 | 1.37 | 0.47 | <0.0001 § 1.41 | 0.47 | <0.0001
Trees
Gaussian | 1.37 | 0.49 | <0.0001 | 1.42 | 0.47 | <0.0001 ) 1.40 | 0.46 | <0.0001
Process
Regression
37

Table 7: Mean Absolute Errors (MAEs) and Pearson’s correlation r and p-values for machine learning
models trained on dataset 2

The mean absolute errors (MAEs) and Pearson’s correlation r and p-values are presented for three machine
learninog madeles annlied ta datacet 7 Mandels were trained ncing: (1) all 50 featnrec fram datacet 2 (D) anlv



Linear SVM (MAE: 1.35)

Bagged Trees (MAE: 1.30)

Gaussian Process Regression (MAE: 1.37)
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Figure 6: Predicted vs True PMA for 3 machine learning models for 3 rounds of training

Panel A — Models trained on all 50 respiratory features from dataset 2

Panel B — Models trained on 31 respiratory features with statistically significant p-values from simple linear
regression models with true PMA from dataset 2

Panel C — Models trained on 12 respiratory features with statistically significant p-values from simple linear
regression models with true PMA from dataset 1
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The bagged trees model trained on all features was selected for further analysis as it had
the lowest MAE (1.30). Key characteristics were investigated to determine whether they
impacted model results. There was no significant difference in absolute prediction errors
between male and female infants (p = 0.17), or across mode of ventilations (p = 0.79,
figure 7). Similarly, there was no significant relationship between post-natal age and

absolute prediction error (r = -0.01, p = 0.96, figure 8).

Absolute Prediction Error by Gender (p = 0.17) Absolute Prediction Error by Ventilation Mode (p = 0.79)
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Figure 7: Box and whisker plots comparing differences in predication accuracy of the bagged trees model
trained on all 50 features from dataset 2; plot A compares males versus females, and plot B compares the
different modes of ventilation at time of recording. Outliers are marked with a ‘+’.
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Figure 8: Scatter graph comparing the postnatal age with prediction errors of the bagged trees model trained on all
50 features of dataset 2. Line of best fit in red is plotted via a simple linear regression model.



Discussion

Our study aimed to assess whether the respiratory activity in premature infants could be
used to estimate the age at which their respiratory system is functioning, using features
extracted from inter-breath intervals. The correlations of these features with PMA were
individually assessed using three datasets — one retrospective (dataset 1) and one
prospective (with data from dataset 2a and 2b). Multiple machine learning models were
then trained and tested to predict the age of premature infants based on these features, and
these predictions were compared with the true PMA. The effect of clinical subgroups such
as sex and ventilation modes on model accuracy was then assessed, as well as the impact

of post-natal age.

A number of features have a significant correlation with PMA across both datasets,
emphasising the developing respiratory function in preterm infants over time. The simple
linear regression analysis showed that features such as respiratory rate, mean IBI and
certain entropy measures had significant correlations with PMA, matching the underlying
physiological development of the respiratory system. Specifically, entropy measures such
as Shannon and Renyi entropy increasing with age may reflect more regulated and
complex breathing patterns due to maturation of central and peripheral mechanisms.
Respiratory centres within the brainstem, including the pre-Boétzinger complex, develop
more synaptic connections enabling more regulated and responsive breathing to
physiological states such as hypoxia and hypercapnia. The simultaneous development of
pulmonary structures during the post-canalicular and saccular stages at approximately 24
gestational weeks onwards, increases the surface area for gas exchange and compliance of

the alveoli. As a result, tidal volumes start to become more regular and less unstable. In
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combination, the neural and structural developments of the central respiratory control
system (in the brainstem) and the pulmonary system (the lungs and associated gas
exchange structures) during this period facilitates a more feedback-driven respiratory
rhythm. This leads to an increase in controlled and regulated variability, reflected in the
inter-breath intervals, and matches the rise in certain entropy measures with increasing

PMA.

Previous studies have shown that apnoea rate decreases with age in preterm infants.(17,
18) Our results also indicated that features such as apnoea rate (defined as breathing
pauses of either 5 or 15 seconds), showed significant decreasing patterns with increasing
PMA. This likely reflects more consistent baseline respiratory activity and fewer erratic
pathological disruptions as commonly seen in preterm infants. Notably, more respiratory
features were found to be statistically significant in dataset 2 (31 out of 50) in comparison
to dataset 1 (12 out of 49). This most likely can be attributed to the longer recording
lengths in datasets 2a and 2b versus dataset 1 (median length 24.0 and 24.7 hours versus
2.0 hours respectively). This extended recording period in dataset 2 means more
behavioural and physiological states are captured for each infant, ranging from periods of
wakefulness to sleep. These states are reflected in changing respiratory activity and inter-
breath intervals. The longer recording periods in dataset 2 likely improved feature
extraction accuracy and detection of more subtle changes in inter-breath intervals, leading
to a greater number of statistically significant correlations with PMA. It is also interesting
to note that 11 of the 12 features with significant correlations in dataset 1 with PMA were

also significant in dataset 2, further supporting the robustness of the selected features.
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The predictive performance of the machine learning models further illustrated the
significant relationship between a number of respiratory features and PMA. Models
predicted the age of the infant with an accuracy of just over 1 week, which is similar to
prediction models which use EEG and heart rate activity to predict the age of the infant.
Future work may want to assess model significance through permutation testing, as done
in the EEG study, to assess the statistical significance of our models’ accuracy.

The statistically significant MAEs of the linear SVM and bagged trees models (1.3 — 1.4
weeks) in dataset 2, are similar to the accuracies seen by Iyer et al. In their study, a similar
group of features were extracted from heart rate variability data and a Gaussian Process
Regression model was used to produce a functional autonomic age with a MAE of 1.66
weeks from the true PMA. Moreover, Zandvoort et al. used sensory evoked EEG activity
and support vector regression to predict the brain age of preterm infants with a mean
absolute error of 1.4-1.5 weeks. Our findings therefore supplement previous work using
physiological measurements to assess the development of organ systems in preterm
infants. Nevertheless, the line of best fit (correlation between the predicted and true PMA)
in each plot does however deviate from the perfect prediction line, particularly at the
extreme age weeks. This suggests that predictions across the three models were less
accurate for the youngest and oldest infants. This is likely due to the uneven distribution of
ages of the infants tested, with most infants in dataset 2 clustered around a more central
narrow PMA window. The models have more training data for babies in this range, leading
to better predictive performance in comparison to the extremes on either side of the central
age range. The correlation coefficients (r values) suggest a moderate predictive strength
across all models, despite the consistently significant p-values (table 6). The models are
able to capture meaningful and reliable patterns between the respiratory features and true

PMA, however the r values ranging from 0.34-0.49 suggests further research is needed to
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improve model accuracy. Model performance was similar when only using features which
correlated with PMA (both from dataset 1 and dataset 2), suggesting that the inclusion of a
wider range of features does not significantly degrade model performance. This indicates
that the selected models have a high robustness to dimensionality reduction and may be
focussing more on the most useful feature inputs. Further work should consider feature
selection methods in more detail and focus on data collection of infants younger than 30

weeks PMA.

A number of scoring systems and models within paediatric medicine are tailored
specifically for clinical subgroups such as sex. Examples of these include the WHO
growth charts, bone age assessments and blood pressure percentiles.(114-116) Looking
specifically at respiratory measures, the GLI-2012 score is an example of a paediatric tool
that takes into account variation between males and females when measuring lung
function.(117) Taking this into account, it is interesting to note that the model performance
of the most accurate model, the bagged trees model trained on all dataset 2 features, was
not affected by sex, ventilation mode (figure 7) or post-natal age (figure 8). This supports
the idea of having one model for all preterm infants over a tailored model for each clinical

subgroup or by postnatal age range.

In order to improve our models’ performances, particularly across a wider age range,
future work should have a focus on obtaining inter-breath interval data from both extremes
of the age range. Once a more uniform and significant predictive accuracy is achieved
across a wider age range of preterm infants, work could then focus on assessing the
predicted PMA in infants with known pathologies such as infections, bronchopulmonary

dysplasia and receiving medications known to suppress the respiratory system like
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morphine. It would be interesting to investigate whether our model’s respiratory ages
largely deviate from the true PMA of these infants, reflecting the impact of the pathology
or medication on respiratory function. The long-term development of such infants with
these deviations could be measured to see if large gaps between true and predicted
respiratory ages during the neonatal period results in long-term developmental issues.
Similar work was done in the Zandvoort et al. paper where large brain age gaps were

found to impact long-term neurodevelopment. (23)

As well as the narrow age range of recorded infants, other limitations of our study should
be acknowledged. The hyperparameters set by the Regression Learner App on MATLAB
for the machine-learning models used were not altered. Ideally, the mean absolute errors
from cross-validation would be used as a measure of accuracy as hyperparameters are
altered during model training. Once the MAE is optimised, the models with the
specifically developed hyperparameters, will then be tested on an independent dataset to
better assess generalisability. A fully independent test set was not available for this study
under the time constraints set for data collection, so the mean absolute errors may be more
optimistic due to the lack of testing. Another limitation is that all data used was from a
single hospital meaning all data is from the same respiratory monitoring devices and
practices. Data from different hospitals would be useful to assess the model’s abilities to be

applied for broader clinical application.

The long-term clinical aim of this work is to add to the current vital signs tools central to
clinical decision-making in neonatology today. In particular, measures such as heart rate
variability have been used to establish tools such as the HeRO score to detect sepsis at

earlier stages in preterm infants and therefore reduce mortality. My work forms the
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foundation blocks for the use of real-time respiratory vital signs data, specifically inter-
breath intervals, to aid with risk stratification and encourage earlier intervention for
specific pathologies such as bronchopulmonary dysplasia, sepsis, apnoea of prematurity
and respiratory depression as a result of opioid use. With further validation and testing on
independent datasets and preterm populations with respiratory pathologies, a respiratory
age prediction tool could be incorporated into bedside monitoring systems to drive

physiology-driven neonatal care.
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Appendix Figure 1: Scatter plots showing the relationship between 48 respiratory features and postmenstrual age (PMA)
for dataset 1. The plot for range has been removed as it has almost identical data with the maximum IBI data. The plots
are in order of ascending p-values derived from simple linear regression models. The red line represents the line of best
fit from simple linear regression models.
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