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Abstract
The main purpose of cardiotocographic (CTG) fetal heart rate (FHR) registration
is to identify fetuses that are at risk of neurological damage due to intrapartum
hypoxia. Recently, a zigzag pattern, defined as FHR baseline amplitude changes of
>25 bpm with a minimum duration of 2 minutes, has been reported as an early sign
of fetal hypoxia. The aim of the thesis has been to produce an automated detector
for the zigzag pattern of FHR.

The data set contains CTG recordings from singleton term childbirths (N=4987)
during one year at the Helsinki University Hospital. The zigzag pattern occurred in
581 (11.7%) of the recordings. The thesis introduces the CTG data set engineering
workflow producing a clean data set. The data set contains 470470 minutes of FHR
data; the overall duration of zigzag episodes is 3876 minutes (0.82%).

The features are extracted benefiting signal processing and statistical information
of FHR tracings. These features operated as input to machine learning (ML) classifiers
k-Nearest Neighbor (KNN), Support Vector Machine (SVM) and Random Forest (RF).
RF and SVM achieved AUC of 0.91 and f1-score of 0.14 with basic statistical features.
Both RF and SVM generated equivalent precision and recall values. Furthermore,
AUC values exceeding 0.98 were achievable, but the dataset imbalance led to the
very low F1-score. The KNN achieved AUC 0.798 with base features. From the
computational complexity, RF operated with a fraction of the processor and memory
requirements when compared to the SVM.

The thesis suggests that it is possible to produce an aid for clinicians with a zigzag
pattern detector implemented with ML and proper feature extraction. However, to
utilize the detection in the Delivery Room, the reduction of the false positives and
false negatives should be achieved. In addition, extracting FHR data from the data
lake requires significant validation tool development. The thesis code base introduces
a number validation tools, but only few are automated.
Keywords data engineering, cardiotocography, fetal heart rate, zigzag pattern,

pattern detection, machine learning, feature extraction, parturition, fetal
monitoring
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Tiivistelmä
Kardiotokografia (KTG) eli sikiön sykkeen ja kohdun supistusten elektroninen rekisteröinti on yleisin synnytyksen-
aikainen sikiön tarkkailun menetelmä. KTG-rekisteröinnin tärkeimpänä tavoitteena on ennakoivasti tunnistaa ne
sikiöt, jotka ovat vaarassa altistua hypoksialle eli hapenpuutteelle. Hypoksia aiheuttaa sekä ohimeneviä että pysyviä
muutoksia sikiön tai vastasyntyneen keskushermostossa, vakavimpina hypoksis-iskeeminen aivovaurio ja kuolema.

Synnytyksen aikana KTG-rekisteröinnin tulkinta tapahtuu hoitohenkilöstön toimesta reaaliaikaisesti. KTG-
rekisteröinnin luotettavuutta sikiön huonokuntoisuuden ennustajana heikentää menetelmän epätarkkuus. Lisäksi
KTG-tulkinnan toistettavuus on tunnetusti heikko. Tällöin synnytyslääkärien ja kätilöiden suorittamassa KTG:n
luokittelussa ja sykemuutosten tunnistamistamisessa esiintyy huomattavia eroavaisuuksia riippumatta ammattikun-
nasta tai työuran pituudesta. On oletettavaa, että KTG-käyrän tulkinnassa tapahtuvia virheitä voitaisiin vähentää
rakentamalla tietokonepohjainen, koneoppimiseen perustuva malli ammattilaisten avuksi.

Tuoreen tutkimusnäytön perusteella sikiön sykkeen korostunut vaihtelevuus on sikiön hypoksian varhainen
merkki synnytyksen aikana. Kun vaihtelevuus on yli 25 lyöntiä/minuutti vähintään kahden minuutin ajan, on
kyseessä zigzag-kuvio.

Diplomityössä tutkimusaineistona on Helsingin yliopistollisen sairaalan 4987 täysiaikaisen synnytyksen KTG-
data vuodelta 2012. Diplomityön tavoitteena on ollut luoda koneoppimista hyödyntävä malli, joka tunnistaa zigzag-
kuvion KTG-rekisteröinnistä. Merkittävä osa diplomityöstä kului datan esiprosessointiin ja datan muokkaukseen.
Suuri datamäärä tuotti haasteen datan käsittelyssä. KTG-tallenteet sisälsivät 1,2 miljardia havaintoriviä ja jokai-
nen rivi sisältsi kymmenen tietokenttää. Lisäongelman muodostivat datan keruun tai tallennuksen anomaliat. To-
dennäköisesti syynä ovat KTG-monitorin tapa raportoida näytteitä tai datan säilytyksessä käytetyn datajärven
käsittelyvirheet.

Tunnistimina käytetyt koneoppimisen luokittimet perustuvat ohjatun oppimisen paradigmaan. Näille luokitti-
mille data muokattiin kahden minuutin mittaisiksi näytteiksi, joille annettiin luokka Normaali tai ZigZag. Kahden
minuutin näytteistä tuotettiin tilastollisia arvoja sekä taajusenergiainformaatiota sisältäviä ominaisuusvektoreita.
Luokittimien hyvyyttä arvioitiin laskemalla f1- sekä AUC-arvot.

Satunnaismetsäluokitin (Random Forest), joka rakentuu päätöspuista ja perustuu kokoelmaoppimiseen, saa-
vutti AUC-arvon 0.91 ja f1-arvon 0.14. Tukivektoriluokitin (Support Vector Machine) saavutti saman tarkkuuden
kuin satunnaismetsäluokitin. Tukivektoriluokitin vaati laskennallisesti lähes satakertaisen laskentatehon ja yli kym-
menkertaisen määrän muistia verrattuna satunnaismetsäluokittimeen. K-lähimmän naapurin luokitin (K-Nearest
Neighbor) saavutti AUC-arvon 0.78 ja toisella optimoinnilla f1-arvon 0.23.

Diplomityö on tiettävästi ensimmäinen tietokonepohjainen tutkimus, jolla on tunnistettu sikiön korostunee-
seen sykevaihteluun liittyvä zigzag-kuvio KTG-datasta. Kuvion tunnistuksessa on saavutettu kohtuullinen luotetta-
vuus. Diplomityön tuloksena syntyi datakirjasto, joka mahdollistaa tulevaisuudessa eri tunnistusmenetelmien käytön
zigzag-kuvion ja muiden KTG-muutosten tunnistamiseksi. Lisäksi työssä osoittettin KTG-datan vaativan huomat-
tavan määrän esiprosessointia ennen kuin dataa voidaan hyödyntää koneoppimisen menetelmillä.

Tässä työssä esitettyjen tunnistimien käyttäminen kliinisessä työssä ei ole vielä suositeltavaa. Kuvatut mene-
telmät tuottavat huomattavan määrän vääriä positiivisia luokituksia eli vääriä zigzag-hälytyksiä. Väärät hälytykset
voivat johtaa turhiin toimenpiteisiin, johon liittyy kohonnut äiti- ja sikiökomplikaatioiden riski.

Avainsanat datan käsittely, zigzag kuvio, kardiotokografia, hypoksia,
ominaisuusvektori, koneoppiminen, synnytys, sikiön tarkkailu
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1 Introduction
An estimated 135 million are born each year [1, 2]. Of these, over four million babies
are born every year in Europe [3, 4]. To ensure an uncomplicated delivery with a
healthy newborn infant, in developed countries the majority of fetuses are screened
intrapartum, i.e., during labor. The screening is performed with a cardiotocograph
(CTG), an electronic monitoring method for recording fetal heart rate (FHR) and
uterine contractions (UC) [5]. The FHR traces are analyzed in situ by an experienced
midwife and obstetrician to determine the wellbeing of the fetus. [6].

A significant risk for the fetus arises from fetal hypoxia, i.e., lack of oxygen.
During labor, the uterine contractions cause periodic occlusions to the umbilical cord
and produce transient decreases in blood flow between the placenta and fetus, which
lead to interruptions in gas exchange. A healthy fetus with a normal oxygen reserve
can compensate interference in its oxygen supply and can maintain normal oxidative
metabolism. Prolonged or severe hypoxia is referred to as fetal asphyxia (perinatal
asphyxia). Intrapartum fetal hypoxia can be accurately evaluated from the umbilical
artery (UA) blood gas analysis at birth. Furthermore, the experts analyze FHR
traces during labor to identify signs of imminent fetal distress. Thus, the experts
must continuously analyze the data to identify abnormal FHR patterns potentially
indicating fetal hypoxia. Ideally, intrapartum CTG monitoring should predict fetal
hypoxia before fetal compromise occurs. Increased baseline variability is defined
as FHR baseline amplitude changes of more than 25 beats per minute (bmp) for a
minimum duration of 2 minutes. Recent studies suggest that the increased increased
FHR variability is an early sign of fetal hypoxia [7]. Based on the duration of the
increased variability, the pattern is further divided into two terms: zigzag pattern
and saltatory pattern [8].

Operative interventions (e.g., cesarean deliveries or vacuum-assisted vaginal
deliveries) based on incorrect interpretation of CTG tracings may increase the
risk of adverse outcome to the mother. Furthermore, a failure to recognize the
symptoms of fetal hypoxia can lead to an increased neonatal morbidity and mortality.
Despite substantial utilization of the CTG, its use is related with disagreement about
effectiveness and classification of FHR abnormalities in CTG tracings. For example,
there is high intra- and interobserver disagreement about the FHR patterns even
among experienced clinicians interpreting CTG tracings [9].

One solution to this challenge would be to combine signal processing algorithms
and machine learning (ML) algorithms to identify alarming patterns in the FHR
data. This could serve as an automated pre-screening tool for obstetricians and
midwives. However, like with any other clinical decision making, the final decision of
an intrapartum intervention rests with the specialists, not with an algorithm. An
efficient ML algorithm has a low error rate on FHR analysis [10]. Furthermore, the
automated analysis tool would free midwives and obstetricians for other important
tasks with patients. Thus, patients should receive higher quality service and have more
personal time with the specialist. Although many approaches have been developed
for detecting fetal hypoxia using signal processing [11] and machine learning [12, 13],
none of these have combined signal processing solutions with machine learning to
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accurately detect intrapartum zigzag patterns or saltatory patterns of FHR.
In order to enable detection of increased FHR variability the thesis has three

aims. Firstly, thesis aims to present a complete data-engineering workflow how to
produce a clean time series dataset. The clean dataset with this context means that
there exits exactly one data point at any given time for the patient. In addition, for
any patient, the data contains equal number of observations that are equally spaced.
However, the CTG data originates from the Helsinki University Hospital (HUS) data
lake where data is not quantified nor validated. Data lake stores raw data exactly as
it is reported by CTG monitors.

Secondly, the thesis aims to present how the feature vectors are generated from
the cleaned dataset. The feature extraction benefits from FHR trace statistical
properties, signal processing, and stochastic information. The extracted features
are the input to the ML classifier and the information gain of features is evaluated
jointly with ML classifier functionality. A set of features adding essential information
may help ML classifier to detect zigzag and saltatory patterns.

Thirdly, the thesis applies k-Nearest Neighbor, Support Vector Machine and
Random Forest classifiers for zigzag detection. The quality of a classifier is analyzed
with confusion matrix metrics and Receiver Operating Characteristic (ROC) curve.
The key metrics are Area Under the ROC curve (AUC) [10], F1-score, precision and
recall. Consequently, the thesis aims to construe the known hypoxia-related FHR
patterns with increased variability in CTG tracings, but not attempts to estimate
hypoxia in fetuses or newborn infants, because that would require time and resources
that are beyond the scope of this study.

Continuously monitored cardiotocographic FHR traces were evaluated from all
term (gestational age of ≥ 37 weeks) singleton childbirths in a one-year cohort at the
Helsinki University Hospital. All parturients were in the active phase of labor with
regular uterine contractions. After exclusion for preterm labors (gestational age of ≤
37 weeks), non-cephalic presentations, elective cesarean deliveries, twin deliveries,
cases without CTG registration, data related problems such as inability to determine
the time or FHR values at the time, and cases with major congenital malformations,
the cohort comprised of 4987 deliveries and intrapartum CTG recordings.

This thesis is part of wider research by Helsinki University Hospital (HUS). The
research permit TYH2018202 was granted on January 17, 2020 for SALKA Research:
Computerised Cardiotocography (CTG) and Machine Learning in Interpretation of
Saltatory Pattern of Fetal Heart Rate.

This thesis is structured as follows. Chapter 2 presents terminology and FHR
phenomenons from the clinical perspective how FHR in CTG tracings are analyzed by
clinicians. Chapter 3 reviews the literature and theory on data-engineering, feature
extraction and ML classifiers. Chapter 4 describes the data-engineering workflow and
applied validation methods. Furthermore, the applied feature extractions and ML
classifier pipeline is reviewed. Chapter 5 presents the results of data engineering and
zigzag detection. Furthermore, the observed ML classifier trade-offs of are reviewed.
Chapter 6 concludes the thesis by discussion and suggesting the directions for future
work.
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2 Clinical Background
The wellbeing of the pregnant mother and fetus is followed regularly during pregnancy.
Monitoring the vital signs of the fetus is performed during the pregnancy with different
methods. These methods include non-invasive observations, such as sonographic
scanning of the anatomical structures of the fetus, and Doppler auscultation of
fetal heart rate. Conversely, invasive methods include sampling of amniotic fluid or
placenta. As non-invasive methods are preferred, the monitoring of FHR is the most
common method during labor. The intrapartum monitoring of FHR is predominantly
performed with CTG.

2.1 Cardiotocography
Cardiotocograph (CTG) has been employed over 50 years to assess the health of a
fetus during labor. CTG performs electronic fetal monitoring (EFM). The CTG
data contains fetal heart rate (FHR) and uterine contractions (UC). UC data are
typically generated with an abdominal tocodynamometer. FHR data originates either
from an abdominal ultrasonic transducer or an internal scalp electrode applying the
QRS-complex beat-to-beat information. [9] FHR value is a metric describing the
number of heart beats per minute (bpm), which is deducted from the beat-to-beat
measurements. Collecting the FHR data with non-invasive methods may prove
unfeasible. Firstly, the collected FHR data may encompass artefact information.
For example, the FHR data collection with a non-invasive ultrasonic transducer
tends to be more sensitive to signal loss and registration bias, such as a maternal
pulse. Secondly, collecting the FHR data may prove impossible due physiological
limitations. For instance, maternal obesity can complicate the use of an ultrasonic
transducer. Moreover, a non-invasive data collection with the scalp electrode cannot
be performed in cases where the fetal membranes are intact or the mother has a
blood-borne disease, for example HIV or hepatitis C.

In Delivery Ward, the evaluation of the CTG data is performed by an experienced
obstetrician and/or midwife [9, 14]. Earlier, CTG devices printed FHR and UC data
on paper. During that time the concept of paper speed was defined, and paper speed
can still be found in the settings of modern digital displays. The paper speed is be
set to 1, 2 or 3 cm/minute. [9, 15]. However, the current CTG devices show similar
information on the CTG display. Figure 1 presents a view from the display of CTG
monitor. In the Helsinki University Hospital, in 2020, the CTG data are visually
inspected from a 14-inch screen in a Delivery Room. In addition, CTG tracing is
performed in the central monitoring room, where the CTG data of 1–4 patients are
displayed on a larger (up to 55-inch) monitor. The CTG monitor display in the
figure 1 contains information of the FHR at the upper part and uterine contraction
curve at the lower part.
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Figure 1 presents the intrapartum CTG recording of a parturient at 40+0 weeks
of gestation. The upper trace presents a normal baseline FHR of 135–140 bpm with
normal variability of 5–15 bpm and FHR accelerations. The lower trace demonstrates
normal frequency of uterine contractions (2–3 contractions in 10-minute periods).
The FHR was recorded via abdominal electrode with paper speed of 1 cm/min.

Figure 1: Cardiotocograph display with FHR and Uterine Contraction data
(Courtesy of Helsinki University Hospital/Mikko Tarvonen)

2.2 FIGO Guideline for FHR analysis
This section reviews selected definitions on how FHR data is analyzed and classified
by midwives and obstetricians. The expert panels have defined CTG guidelines and
terminology to be used while communicating and quantifying FHR traces. The CTG
tracings and FHR patterns used in the thesis were classified and annotated according
to the International Federation of Gynecology and Obstetrics (FIGO) [9] guidelines
on intrapartum fetal monitoring by two perinatologists. Additionally, National
Institute for Health and Care Excellence (NICE) and National Institute of Child
Health and Human Development (NICHD) have also issued their own guidelines.
However, the FIGO CTG-guideline is widely adopted among obstetricians. The
FHR classifications have evolved over time. Some of the currently applied definitions
originate to the early FHR trace classifications. The earliest classification of FHR
traces was presented in 1963 [16] and the monitoring of fetal health with CTG was
taken in clinical use in 1968. Thus, there may exits different disciplines applying
slightly different terminology and definitions.

The FIGO guideline introduces the four features of FHR trace, each having
three classes of severity. These features and classifications originate from visual
analysis of FHR tracing. The features include FHR baseline, FHR baseline variability,
acceleration and deceleration.
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1. FHR baseline is defined as the mean level of the most horizontal FHR segment.
It is estimated in time periods of 10 minutes and expressed in bpm. The baseline
value may vary between subsequent 10-minute sections [9, p. 16]. The baseline
can be defined only if there exists horizontal trend for duration of 2 minutes.
The FHR baseline is illustrated in the Figure 2.

Figure 2: An example of FHR baseline

2. FHR baseline variability refers to the oscillations in the FHR, evaluated as
the average bandwidth amplitude of the signal in 1-minute segments. [9, p. 16].
Figure 3 visualizes a baseline variability. The variability can be defined if there
are two minima and maxima within 1 minute observation window.

Figure 3: An example of FHR baseline variability

3. Acceleration is defined as abrupt increases in FHR above the baseline of more
than 15 bpm in amplitude, and lasting more than 15 seconds but less than
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10 minutes. Accelerations, in addition of FHR variability, are considered as a
sign of fetal Central Nervous System (CNS) normoxia. Normal occurrence of
accelerations in CTG registration are called reactivity. [9, p. 18]

4. Deceleration is a decrease in the FHR below the baseline, of more than 15
bpm in amplitude, and lasting more than 15 seconds. Deceleration may be
classified as early, late, variable or prolonged depending on the duration, and the
temporal relationship between decelerations and uterine contractions. [9, p. 18]

One aim in the thesis is to evaluate zigzag patterns and saltatory patterns
which are defined via FHR baseline variability. Therefore, neither accelerations
nor decelerations are observed in this thesis. The FHR baseline and FHR baseline
variability are divided into three categories presented in the Table 1. The three
categories either do not contain evidence for fetal distress, have some evidence of
fetal distress, or have strong evidence of fetal distress.

Table 1: FHR classification name convention

Class FIGO class
No evidence Normal
Some evidence Suspicious
Strong evidence Pathological

FHR classification is based on beats per minute limits and duration of the event.
The bpm limits and duration for the FIGO 2015 CTG classification are shown in the
Table 2.

Table 2: FIGO CTG-Classification bpm-limits

Description Feature
Baseline Baseline variability

Normal 100–160 bpm 5–25 bpm
Suspicious One feature not normal

Pathological < 100 bpm
< 5 bpm for over 50 min or
> 25 bpm for over 30 min or

sinusoidal over 30 min

As presented in the Table 2 there exists a class in which baseline and baseline
variability are within bpm-range that prognoses non-distressed fetus. This class is
defined as Normal by FIGO. The second class indicates potentially an increased risk
of fetal distress. In this class, a FHR trace is classified as Suspicious (by FIGO) if
one of the features is not in Normal range. Finally, the most alarming class indicates
strong the high risk of fetal distress. FIGO classifies such event as Pathological.
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There exists number of other definitions which are used with FHR analysis.
Short term variability (STV) and long term variability (LTV) are used widely on
clinical publications. STV (beat-to-beat variability) describes the change between
previous and new sample in time, whereas LTV observes samples from a longer time
window [17].

2.3 Increased FHR baseline variability: zigzag pattern and
saltatory pattern

The increased variability is defined as FHR baseline amplitude changes of >25 bpm
[8,9, 18]. The increased variability is further divided into two terms: zigzag pattern
and saltatory pattern. Despite the similarity of shape of the FHR patterns, the
definition of the zigzag pattern differs from the saltatory pattern in its duration.
Zigzag pattern is defined as FHR baseline amplitude changes of >25 bpm with a
duration exceeding 2 minutes [8, 19]. The definition of saltatory pattern is FHR
baseline amplitude changes of >25 bpm with a duration of >30 minutes [9].

According to the recent studies, the increased variability of FHR in intrapartum
CTG tracing is an early indicator of imminent fetal distress.

Table 3: Saltatory pattern feature classification

Description Feature
Baseline variability duration (t)

Normal < 25 bpm t < 2 minutes
ZigZag ≥ 25 bpm 2 ≤ t < 30 minutes
Saltatory ≥ 25 bpm t ≥ 30 minutes

Figure 4: Example of FHR trace containing ZigZag pattern



16

Figure 4 shows an example of real FHR trace including zigzag pattern. The FHR
trace may include larger than >25 bpm transitions. As FHR trace amplitude has
wide variability, defining FHR baseline is difficult.
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3 Computerized FHR trace analysis
This chapter reviews the relevant publications regarding computerized FHR analysis.
The publications in this interdisciplinary topic are a mixture of clinical and technical
publications. From a technical viewpoint, the fields of expertise cover data science,
signal processing, machine learning, artificial intelligence, and computer science.
The review of interdisciplinary publications focuses on the study group, goal of
publication, and achieved results. For a technologists, understanding the study group
helps to deduct how the dataset was formed and how well a study group presents the
underlying population. For clinicians, the understanding of a study group creates
confidence and perspective to how results could be applied with a larger population.
Significant portion of the publications on related work benefit from the open access
CTG dataset [20]. However, the present thesis is based on the Helsinki University
Hospital data, which is a significantly larger dataset. Consequently, the CTG dataset
used in this thesis is not publicly available.

3.1 Expert opinion reliability
One reason to perform computerized FHR trace analysis is to eliminate the human
factor in the FHR trace analysis. The human factor, in this case, clinicians, perform
FHR trace analysis visually, by observing a FHR trace from a monitor display
or paper tracing. The expert opinion reliability is the basis of medical procedure
decisions.

One approach to analyze expert opinion reliability is to challenge the expert
to repeat the FHR trace analysis several times. The intraobserver reliability is
defined by the similarity of FHR trace analysis, when the same data is evaluated
again by the observer. Furthermore, when reliability between two or more experts
is performed, the analysis is called interobserver variability. Additionally, it has
been shown that classifying FHR trace as assuring or non-reassuring correlate poorly
between observers [21]. The intraobserver variability has been shown to be lower
than interobserver variability [22]. However, the intraobserver variability is lower on
FHR baseline classification [23]. On the contrary, the classification of FHR variability,
accelerations, and decelerations suffer from higher interobserver variability [24]. As
a conclusion, in CTG interpretation, both inter- and intraobserver agreement are
generally low.

A clinician who evaluates FHR trace in situ, establishes an expert opinion that
is applied as a basis for the decision whether interventions needs to be made [25].
Consequently, there is demand for computerized FHR trace analysis, which produces
analysis results independent of expert opinion and could be adopted as the reference
[26].

3.2 Related work on computerized FHR analysis
This chapter includes relevant related work which can benefit the thesis. The chapters
included introduce how extracting feature information and computerized analysis
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have been utilized with regarding increased FHR variability.

3.2.1 Estimating FHR baseline

In theory, estimating FHR characteristics is straightforward. However, when clinicians
visually estimate the FHR trace, their decisions are based on both their experience
and the CTG trace. Consequently, the experience of clinician is a factor which is
hard to bring into the traditional computer algorithms. For example, the computer
algorithm is not able to meet expert consensus on the FHR baseline [27]. Additionally,
the same study indicates that the algorithms manage to meet expert consensus if
FHR variability is low. However, the same study demonstrates that the increase of
FHR variability causes computer FHR baseline estimates to be off from the FHR
baseline interpret by the experts.

The analysis methods replicated by Housé de l’Aulnoit et.al. in [27] are based on
11 publications. These publications introduce several methods for the FHR baseline
detection of real-world FHR traces that include missing samples, noise and artefacts.
Eight of these methods apply different types of digital filters to remove noise and
artifacts before the detection of the FHR baseline is performed. Furthermore, each
of the presented methods introduces exclusion rules (rule-base data processing) to
handle the missing samples. In addition, three of the studies focus analysis to estimate
the mode, the most occurring FHR value or range, of FHR trace. Among the signal
processing solutions, Housé de l’Aulnoit et.al. [27] applied methods presented in
publications of Lu and Wei [28], Pardey et. al. [29], and Wróbel et. al. [30]. Likewise,
Housé de l’Aulnoit et.al. [27] implemented mode detection methods according to
Mongelli et. al. [31] among other methods. Furthemore, the authors [27] reproduced
methods by Ayres de Campos et.al. [32] which are operational in the commercially
available software performing the FHR trace analysis.

Figure 5, originating from [27], presents a FHR trace where the FHR variability
is moderate. Therefore, the computer-automated estimates of a FHR baseline match
the baseline estimate made by the experts. The best performing method (blue dash-
line) out of 11 tested methods matches well with the expert baseline. Furthermore,
even the worst performing method of 11 tested (Taylor et. al. [33]) has error of less
than 15 bpm.
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Figure 5: Computer FHR baseline estimate meets expert consensus [27]

Conversely, Figure 6 displays a FHR trace where the FHR variability is increased.
The methods were tested to be able to follow FHR baseline when accelerations were
present in the FHR trace. As a result, the FHR baseline estimates made by the
algorithm do not match the baseline generated by the experts.

Figure 6: Increased FHR variability yields computer models to diverge from the
expert consensus [27]

Figure 6 presents the results when computer algorithms try to estimate the FHR
baseline of data that contains high FHR variability. The four best methods illustrated
in Figure 6 were not able to meet the expert baseline and yielded bpm error exceeding
15 bpm that has been considered as maximum allowed error of estimation by Housé
de l’Aulnoit et.al. [27]. Moreover, even if the definition of FHR baseline is technically
clear, it appears that the expert baseline benefits from the expert’s insight and
experience (i.e., hidden parameters) which are not available when data analysis is
based on the FHR data only. Moreover, it is even more difficult for algorithms
to match the expert consensus on more complex patterns, such as FHR baseline
variability, accelerations, and decelerations.
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3.2.2 Estimating FHR Variability

The FHR variability describes the difference of a current sample from the FHR
baseline. FHR variability may be observed as short term variability (STV) or long
term variability (LTV) where the latter is of interest in zigzag pattern analysis.

Several studies have analyzed the STV of FHR. The reliability of STV and
its applicability as a fetal acidosis indicator have inconclusive results. One survey
indicated the STV quality to depend highly on the measurement methods and found
no evidence of STV indicating fetal acidosis [34]. Furthermore, the equivalent results
of STV were obtained by another study [35]. Therefore, the LTV analysis is much
more attractive as a long FHRV period has been proven indicate fetal hypoxia.
However, the FIGO definition of Saltatory pattern requires 30 minutes of LTV with
amplitude changes of > 25 bpm to exist. The link between the two-minute FHRV
zigzag pattern and the fetal acidosis has been recently proven [7,8]. Therefore, there
does not seem to exist studies where FHRV LTV reliability to clinician observation
has been studied. Consequently, analyzing, classifying, and detecting FHR LTV is
strongly related to the correct identification of the a zigzag pattern.

3.2.3 FHR data as beat-to-beat or fixed sample-rate

A CTG transducer produces measurement data which has similar properties than the
FECG trace. From this measurement data, the CTG device determines the R-waves
and timing between R-waves (RR-timing). Detecting R-waves from the FECG kind
of data requires advanced signal processing to operate in noisy environment. Finally,
the CTG monitor converts this RR-timing in which is further converted to the FHR
BPM data. The relationship between FECG, RR and FHR BPM data is illustrated
in Figure 7.



21

Figure 7: From the FECG data to the RR and finally to the FHR [36]

Figure 7 indicates that the most accurate heart beat information originates from
R-wave. From there the time between R peaks (RR values) are calculated. Finally,
the FHR values calculated from RR timing information. Each FECG, RR and FHR
describe the fetal heart rate.

The FHR measurements are reported either with fixed reporting rate (number
of reports/second) or as time between the beats (BTB). These metrics have been
practice with electrocardiography (ECG) analysis Differential Index (DI) since 1973
[37]. The CTG is expected to produce data points with fixed reporting rate four
times per second (the report rate is 4 Hz). Thus, also the Helsinki University Hospital
CTG data has 4 Hz report rate. Furthermore, the FHR value of a CTG data point is
rounded to the closest integer number. However, the ultrasonic sensor and the scalp
electrode provide the beat-to-beat information, such as the FECG data, to the CTG
device. Therefore, the CTG device has build in algorithms that perform a conversion
from the beat-to-beat information to the BPM values. On the other hand, there
exists fetal electrocardiograph (FECG) measurement devices, that provide a R-wave
peak-to-peak timing information with 1600 Hz sample rate and 12-bits accuracy to
define RR-timing.

The comparison of the FHR data formats (BTB vs BPM) applicability to computer
algorithms estimation accuracy indicates the BTB data to yield more accurate FHR
estimation when the same algorithm is compared with the BPM data [38]. However,
the same comparison indicates that the computer analysis results of the BTB and
BPM sample rate correlate strongly, even if BTB provides more information for the
computer algorithms to perform FHR analysis. Thus, the sample method does not
result imperative loss of essential information. The higher reporting rate does not
necessarily mean better input data, in fact, data analysis with BTB data requires to
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factor out additional anomalies, such as, system clock jitter effect to the timing of
the AD-conversion. Thus, the CTG devices report BPM, as the accuracy is sufficient
for FHR visual analysis.

3.2.4 A note according to FHR characteristics

A survey focusing on the FHR time-frequency analysis methods, such as time and
frequency indexes, indicates that the studied features and index do not correlate with
health issues of the newborns [11]. Furthermore, the survey indicates that numerous
frequency related division of the signal has been tested without results. Therefore,
it is unlikely that frequency based features would provide help on detecting zigzag
pattern.

The fetal heart rate can be interpreted as a time series or the ordered set of
time-value pairs. A single FHR value is an approximation of bpm at a given time.
Thus, the FHR value indicates the frequency where the maximum energy of FHR is
located. Therefore, the FHR value itself contains the spectral information, even if
the FHR value can be interpreted as an amplitude.

This note has importance, as the ML and AI algorithms benefit from feature
vectors, which are either raw data or a features extracted/generated from the raw
data. Therefore, the FHR trace and values can be employed several ways. The
extracted features may include i.e., information on trace statistics, spectral behavior,
entropy to mention a few. However, to apply signal processing with FHR feature
extraction, one should bear in mind that the FHR sample rate is 4 Hz and the
consequent FHR values may not satisfy the Nyquist sampling criteria. Moreover,
the FHR traces include artefacts, which can originate from the measurement setup
itself. In addition, dataset cleaning and preprocessing perform missing or duplicate
data replacement. As a result, FHR data vector may occasionally include long or
random number of zero-values. These artefacts, in addition of the actual measurement
anomalies, increase the variability of the FHR data, which must be considered while
feature vectors are created.

The publications addressing accelerations and decelerations are interesting due the
high success rate [39]. However, methods applied with acceleration and deceleration
detection are not applied in the thesis.

3.3 Related work on pattern detection
The previous chapters described the challenges related to the existing computerized
solutions related to the non-complicated task of FHR baseline estimation. On the
other hand, to define zigzag pattern properties is easy, but challenging to separate from
the normal FHR traces. Therefore, the zigzag pattern detection utilizes supervised
machine learning (ML) for pattern detection. Thus, this chapter has focuses on
review of the related work and the terminology used in machine learning publications.
Furthermore, this chapter introduces the properties of the relevant methods and
algorithms suitable for feature extraction.
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3.3.1 Supervised Machine Learning Classification

The supervised machine learning classifier input is typically a feature vector x̄. In
addition, supervised ML requires each input vector to have a label y, and the dataset
contains the label vector ȳ. For example, with the thesis dataset, the labels are
Normal and Zigzag.

For training the machine learning model, the dataset is divided into two parts:
training and testing sets including labels. The ML model is fitted with training data
in the iterative learning process. During the learning, the hidden parameters or
coefficients of the ML model are adjusted to produce as many correctly estimated
labels ŷ as possible. If training the model succeeds perfectly, all training set entries
are correctly classified. However, the perfect fit to training data does not guarantee
ML model to work with unseen data. If the model trains perfectly, but fails later in
the testing phase, the ML model is most likely over-fitted [40]. Therefore, during
the training phase, the ML model functionality or its parameters are regularized
to avoid over-fit. If the training data covers underlying population distribution,
avoiding over-fit ensures that the model works well with unseen data. Thereafter,
the ML model is tested with the testing set. During the testing phase, the number of
correctly and incorrectly estimated labels are counted per class. This information is
collected into confusion matrix. After this, the quality metrics are calculated From
the confusion matrix [41].

3.3.2 Dataset Imbalance

Machine learning paradigm argues that the ML algorithms learn from the data.
The previous claim is true, but with certain limitations. With the supervised ML
paradigm, the class of each sample in the dataset is known prior. One expectation
for the dataset is that it contains an equal amount of samples from each class. For
example, if a dataset presents two classes and the dataset samples mostly belong one
class, the dataset is called imbalanced. Furthermore, it is common that imbalance is
present in the dataset. An excellent article Learning from Imbalanced Data reviews
in detail a number of solutions to address the dataset imbalance [42].

The thesis dataset, described in Chapter 4.4, contains 99.18% of normal FHR
traces and 0.82% of FHR traces with zigzag patterns. Therefore, the thesis dataset is
imbalanced. The balancing methods were not applied during the thesis work. Thus,
when the thesis ML model performance results in Chapter 5.3 are reviewed, the effect
of the thesis dataset imbalance should be taken into consideration.

3.3.3 Assessing ML Model Quality

Confusion matrix is the most applied analysis method where comparable quality
parameters can be calculated. However, there exist a number of other quality
metrics [43], but the thesis applies the confusion matrix derived quality metrics,
which are currently the most commonly used quality metrics, and analyzes the
properties derived from there.
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The confusion matrix is usually generated from the testing set. However, the thesis
performs confusion matrix analysis for both training set and testing set. The classifier
quality is characterized with the confusion matrix. In this thesis the confusion matrix
follows Machine Learning paradigm. Therefore, the true labels y are situated on the
vertical axis. The true labels are also called as Ground Truth. Furthermore, the
predicted labels ŷ are located on horizontal axis and comprise a Predicted Class. The
confusion matrix and terminology are illustrated in Figure 8.

Figure 8: Confusion matrix

The elements inside the confusion matrix are:

• True Negative (TN): number of normal patterns classified as Normal.
• False Positive (FP): number of normal patterns miss-classified as Zigzag.
• False Negative (FN): number of zigzag patterns miss-classified as Normal.
• True Positive (TP): number of zigzag patterns classified as Zigzag.

The ML model quality is evaluated with the metrics that are derived from the
confusion matrix as shown in collection of Equations 1:

Precision = TP
TP + FP

Recall/Sensitivity = TP
TP + FN

Specificity = TN
TN + FP

f1-score = 2 · Precision × Recall
Precision + Recall

Accuracy = TP + TN
TP + TN + FP + FN

(1)

If a ML model would have high precision, the number of false zigzag alarm would
be low. In addition, high recall means that the majority of zigzag patterns are
identified correctly. Furthermore, high f1-score would mean that there would be no
false zigzag alarms and no missed zigzag patterns.
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Because the dataset has imbalance between classes, high accuracy metric does not
indicate there would not be false alarm with zigazg pattern. For example, predicting
all test samples as normal would result in the accuracy of 99%. Therefore, the quality
of classifier is defined by other metrics: precision, recall, f1-score, and Area Under
the ROC Curve (AUC).

3.3.4 Muse for innovation

This chapter reviews some of the most prominent publications found during the time
building the theory base. Some of the proposals were tested.

The study applying spectral power gave inspiration to develop spectral features
developed in Chapter 4.6.2 [44]. However, the study was performed for 55-minute
FHR traces and contained 148 observation. Moreover, the detection was manually
tuned instead of utilizing pure machine learning paradigm. The thesis dataset of two-
minute vectors didn’t have resolution below frequency of 0.00833 Hz. Furthermore,
even if the results of the study were promising, the zigzag pattern yielded energy
that had much higher frequency than what the study was researching.

Another study modelled the FHR trace and FHR variability [45]. This study aimed
to generate small FHR trace engine with sporadic FHR variability. Unfortunately,
there was no immediate need to further develop the FHR generator, because of
the size the provided dataset offered sufficient amount of samples. However, the
article lead to investigation of dynamic system analysis with Poincaré plots [46].
Unfortunately, most of the presented studies focused on the visual analysis of the
Poincaré plots. The articles with regarding analysis based on the self similarities led
to field of nonlinear dynamics [47] and applying entropy in physiology analysis [48].
However, it was not clear how to benefit from these methods and extract features for
machine learning detector.

Yet another study applied several ML classifiers to detect the type of delivery [49].
The study introduced the Random Forest and Ada boosting classifiers which operated
well with their dataset. There were other interesting articles written about the
Random Forest method, which all contributed for selecting that ML classifier for
the thesis. However, Ada Boosting appeared to be applicable for weak learner cases,
which is opposite to the strong phenomenon observed with zigzag pattern.

Support vector machine was applied in a study to detect metabolic acidosis in
the fetus [50]. The study illustrated well the preprocessing pipeline of a FHR trace.
The preprocessing pipeline cleaned the data. The study was the origin for the idea
to exclude samples containing more than 5% of zero-values from the thesis dataset.

Finally, an publication [51] introduced usage of special common patterns [52].
In their publication, their dataset FHR traces were divided into 3-minute samples.
Consequently, this lead to arranging the thesis dataset as a collection of two-minute
vectors.
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4 CTG dataset engineering and zigzag detection
This chapter describes the datasets and data engineering workflow that is applied
to create a clean cardiotocograph dataset. The data engineering workflow includes
multiple phases. Furthermore, the detailed zigzag detection pipeline including feature
extraction is explained in chapters

The SALKA Research permit was granted on January 17, 2020 opening the CTG
dataset for the research use. The dataset was provided to the thesis worker by Data
Analysis and Management Department at Helsinki University Hospital (HUS) on
February 19, 2020. The shared data includes all CTG recordings from 2012. The
computing-related non-scientific definitions with URL-links are available in Appendix
B.

Additionally, the processing and storing of clinical data requires careful and ade-
quate data management. The clinical data must be access limited and/or encrypted.
In addition, the data or plots shown in the thesis should not reveal identity of the
patients. The confidentiality is discussed in Chapter 4.2.

The code and scripts that can access to date and time information are stored
at Aalto University’s local GIT repository at https://version.aalto.fi/. The
code performing actual classification task and dataset feature extraction are located
at https://github.com/pjehkonen/CTG_classification. These version control
repositories include Python scripts, Jupyter notebooks, configuration files, support
libraries and code documentation. The confidential CTG data is stored at Aalto
University’s, in the Scientific-IT project folder /scratch/cs/salka [53]. The access to
the project folder is limited to the project owner (Simo Särkkä), the project advisor
(Jaakko Hollmén) and the thesis worker (Petri Jehkonen).

4.1 Dataset description
In this thesis, the complete CTG dataset includes all collected CTG data from
2012. The full dataset contains FHR traces and Uterine Contraction data from the
deliveries occurred 2012 at Helsinki University Hospital. Furthermore, the dataset
contains the CTG data from routine patient checks performed before the labor.

The study group is a subset from the complete dataset. The patients have been
selected to the study group based on the three criteria. The first criteria requires
the CTG registration to include the birth of a newborn infant. The second criteria
excludes twin deliveries, non-cephalic presentations, major congenital anomalies, and
cases with elective cesarean sections without regular uterine contractions. The third
criteria excludes preterm births (before 37 weeks of gestation). The development of
the autonomous nervous system, physiological control of fetal heart (which manifests
in FHR changes in CTG recordings) do differ between a preterm fetus and a fetus at
term.

The CTG dataset includes 16412 pseudonymized patient identifiers (PIDs). The
first inclusion criteria reduces the number of patient cases to 5606. The second
exclusion criteria further reduces the cases to 5150 PIDs. The third criteria reduces
the final study group size to 4988 PIDs. Unfortunately, issue originating with the

https://version.aalto.fi/
https://github.com/pjehkonen/CTG_classification
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data corruption of the original dataset, one PID had to be excluded. Therefore, the
study group in the thesis is 4987 PIDs.

In the study group, 582 of the CTG tracings contain zigzag pattern. However,
the one PID that was excluded due data problem has zigzag pattern. Thus, the
thesis study group contains 581 PIDs with zigzag pattern. A single FHR trace may
include one or more zigzag pattern episodes. Furthermore, the duration of a single
zigzag episode and the time between episodes do vary.

4.2 Dataset confidentiality
The CTG data is medical data. All medical data must be processed confidentially.
Therefore, before the dataset was provided to the thesis worker, the information that
could be used to identify a person in the dataset, have been converted to pseudo
anonymous data (i.e. pseudonymized) by HUS Tietohallinto. Furthermore, even
thought Office of the Data Protection Ombudsman, Finland classifies pseudonymized
data as non-confidential [54] by law [55], the dataset has been treated as confidential
information. Thesis worker and data scientist advisor have signed the personal
non-disclosure agreements. Dataset has been stored in the access limited encrypted
environment, where only thesis worker and advisors have had access. Furthermore,
the dataset has been treated as confidential as the dataset contains the day and
the time information when CTG recording occurred. The day and time information
could be exploited with big data analysis to reveal identity of a person if timing
information is combined with other data, e.g., social media data.

Thesis author has taken measures to protect the dataset to address possible
confidentiality issues introduced in literature [56]. The information presented in
this thesis is in a format that do not reveal any personal information in the dataset
nor any day or time information. This has been achieved by separating the time
information which contains day and time information from the actual FHR data. In
the thesis, the time and date information is presented as relative time or statistics.

4.3 Data engineering
Data engineering consists of the design and implementation of multiple iterative
preprocessing steps, where the given data is converted to usable FHR trace. These
steps include data parsing and transformation, study group identification, data
validation and finally cleaning of the FHR recordings. Furthermore, additional data
analysis and data description tools were developed for the iterative data validation
loop between the clinician and the author. For instance, communicating the zigzag
episodes between the clinician and the author was done using Excel. Thus, visualiza-
tion and conversion tools has been created to transfer data from XLSX -files to other
formats.

The code and scripts were developed with personal computer. The execution
of the code took place in the Triton cluster-computer environment [53]. Most of
the developed code is based on Python 3.7.7 script language. The code manifests
as pure Python scripts, Jupyter-notebooks, and developed Python libraries. In
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addition, some part of the analysis and verification were performed with BASH shell
scripts. Furthermore, the Triton environment requires SLURM configuration files
for allocation of computing resources. The complete list of Python environment is
available in Appendix C.

CTG dataset preprocessing, including validation of performed preprocessing
actions, occasionally lead to such large amounts of data or high performance re-
quirements that exceed the capability of a personal computer. Thus, data parsing
and analysis were performed on the Triton-cluster, which was provided by Aalto
University School of Science.

The task of CTG dataset creation involved implementation of series of parsing
and data conversion methods. Furthermore, the intermediate file formats for each
step has been selected to serve the purpose. The data manipulation and parsing has
been performed with Python 3, even if those tasks could have been performed with
some other programming language or tool. The data manipulation benefits from
Pandas DataFrame-structure and the support functions of Python libraries.

CTG data was delivered as Parquet files and the cleaned dataset is available in
several file formats. The following chapters describe the performed data manipulation
during the dataset creation.

4.3.1 Processing the Parquet files

The CTG data was provided as the collection of snappy-compressed Apache Parquet
files. These Parquet files included the HUS CTG data from the year 2012. This
file/data format is traditional for big data environments, such as a data lake. The
data lake is an example of a long term storage of the big data. In addition, the data
compression in the file format enables true big data algorithms in the distributed
cloud environment. Thus, the space reserved from the mass storage for the Parquet
CTG data is approximately 8.8 GBs. The CTG data has been extracted into 200
Parquet-files. During the data extraction, the split point is based on Time-label. The
first Parquet file covers the first days of 2012, whereas the last Parquet file covers the
last days of 2012. Thus, each Parquet file includes approximately (365

200) days of data.
These Parquet files contains the total of 1255165293 rows of observations. Each

observation is collected over the period of 250 ms. Thus, the Parquet files contains
approximately ~87164 hours of observations, which equals approximately 3632 days
of real-time data.

Unfortunately, the Parquet data format was not supported in the Triton com-
puting cluster. Therefore, the Triton administration added the support for snappy
compression and Parquet files. The support was implemented by importing DASK
and FastParquet libraries.

Reading the Parquet data in to the computer run time memory employs Pandas
DataFrame data structure and functions. Importing data to DataFrame decompresses
the data into the memory. Each decompressed Parquet file content reserved approxi-
mately 3.8 GBs of memory. Consequently, to import complete one-year 2012 CTG
dataset would require approximately 760 GBs of memory. Unfortunately, allocating
such amount of memory to process the complete CTG data is not feasible. Therefore,
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parsing of the Parquet files took place one Parquet file at the time.
Each Parquet file comprises between six to eight million data rows. Each row

includes ten columns of data. When data is imported to the Pandas DataFrame,
each column is traditionally converted to the correct/suitable datatype explicitly.
However, a few Parquet files had corrupted data fields which prevented defining the
datatype during file read-in. Therefore, the data columns were imported as Python
(string) objects. Furthermore, the following preprocessing step utilizes the string
data-format. Figure 9 displays the structure of Parquet file when imported to the
Pandas DataFrame. The information in this figure is generated by printing output
of DataFrame info a function.

Figure 9: A Parquet file DataFrame info, displaying data columns and types

Figure 9 exhibits that the Parquet file to contains approximately 6.1 million data
rows. Additionally, the names of the ten data columns are automatically imported.
Furthermore, the column data types (object) and the memory usage (3.6 GBs) of
this DataFrame are displayed.

Figure 10 presents last rows of the first Parquet file. The first column is the
DataFrame row number. The second column, the PatientID, is typically a string
of 12 random numbers and characters. However, in Figure 10, the pseudonymized
PatientIDs are further abstracted using letters from A to E. This further abstraction
should prevent any possible cross-referencing of the displayed figures or timing
information in the thesis. All the data fields are strings, regardless if the look like
integers or time-stamps.

Figure 10: Last rows of imported Parquet file
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The data columns of a Parquet file are described in the Table 4.

Table 4: Parquet file data columns

Field Description
PatientID Pseudonymized ID

RegistrationStartTime Registration session initiation time
CTGMachineType Type of the CTG machine

Time Time stamp
FHR1 Fetal Heart Rate channel 1 as bpm
FHR2 Fetal Heart Rate channel 2 as bpm
Toco Tocodynamometer i.e., Uterine Contraction sensor data

FHRTransducerType Type of the FHR transducer
TocoTransducerType Type of the Toco transducer

SignalQuality Signal Quality metric

The PatientID length is 12 characters and contains an unique pseudonymized
identifier. These random PID field values have been generated during data extraction
from the HUS data lake.

The RegistrationStartTime labels one FHR monitoring session with the time
of the first FHR sample. The labeled registration start time may include variable
amount of FHR samples, covering variable duration from few minutes to the several
days of data. The data is in the following format:

year-month-day hour :minutes:seconds.milliseconds+timezone.
This format is usually referred to with shorthand YYYY-MM-DD HH:mm:ss.ddd+Z.
The manual of CTG device claims that there should exist only one registration
start per patient ID at any given time. However, this information was not accurate.
The CTG dataset contained several entries where one particular PID had active
overlapping registration start times. Thus, to construct the complete PID history,
several data parsing and verification iterations were needed.

The CTGMachineType should hold different types of CTG devices. However, this
data field is always empty. Thus, datatype in Python environment is "None".

The Time holds the sample-time of the current row. The time information is in
a similar format as RegistrationStartTime. The rows of a Parquet file are ordered by
Time field. For example, the Time of the first and second row in the first Parquet file
contain data originating from the same PID. Respectively the Times are 2012-01-01
01:05:49.000+2 and 2012-01-01 01:05:49.250+2. Thus, the reporting rate of one
PID is exactly 4 Hz as is indicated in the CTG device manual. Unfortunately,
the reporting rate did not always meet the 4 Hz specification. These anomalies
caused additional challenge in the data engineering work. For the data analysis, the
anomalies manifested as a missing data and data duplicates. Moreover, incorrectly
managed registration of the change of daylight saving time lead to issues with data
analysis.

The FHR1 contains the fetal heart rate from channel 1. The value should be
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an integer and the unit of FHR should be bpm. Likewise, the FHR2 presents the
FHR value sampled from channel 2. The operational range of FHR values is usually
60–220 bpm. The values outside of this region are often considered as artefacts or
missing data.

The Toco presents tocodynamometer reading indicating uterine contraction pres-
sure. The Toco value should be an integer. However, the Toco information is not
applied in this thesis.

The FHRTransducerType holds transducer type as an integer. However, the
explanation for type has not been provided in literature nor in the user manual of
the CTG. Moreover, the a transducer type integer has not been shown to match any
specific type of sensor. Analogously, the TocoTransducerType identifies specific Toco
transducer, but that information is not applied in the thesis.

Finally, the SignalQuality can have values of 0, 1, 2, 3, or 4. Value 0 indicates
that CTG device has not been able to reliably generate the FHR data. Thus, any
time stamps having SignalQuality as 0 should be treated as if the FHR data is not
available.

A specific problem with the Parquet files occurred with the last Parquet file. The
data extraction process in the HUS data lake had corrupted the final data rows of the
last Parquet file. The solution for this specific problem was to exclude the last rows
of the last Parquet file. The last row time stamps of the last Parquet file contained
data from the the year 2013. Thus, the last rows were explicitly excluded from the
last Parquet file as that data is not in the 2012 study group. As the Parquet-file
is a compressed binary file, dropping the last rows required a hook inside a library
function performing snappy decompression. Finding the reason of this error took
several days, because the used library (FastParquet) didn’t report the reason for the
Python exception properly.

Identifying the unique sample is important in the data analysis. Unique sample is
defined by combination of RegistrationStartTime, PatientID, Time, and FHRTrans-
ducerType. PatientID (PID) in the hospital data base is always unique. However, it
appears that while actual patient IDs have been converted to Pseudonymous ID, one
patient may have been receiving more than one Pseudonymized IDs depending of
the location of medical treatment. RegistrationStartTime usually is unique, even if
it might be possible that two patients have the exactly same RegistrationStartTime.
There may be several registrations in the data with exactly same Time label. For one
RegistrationStartTime and one PID, there may be multiple Time stamps with same
time, but the FHRTransducerType is different. Therefore, all the four mentioned
data fields together form the unique FHR sample for the patient.

4.3.2 Extracting PID data

When all data fields of the Parquet files were identified, the next task was to extract
one file for each Pseudonymized ID (PID). The data in each Parquet file covers an
average of 44 hours of the chronological calendar year. However, the data inside a
Parquet file contains approximately 1000 hours of observations. The name of the
Parquet file contains a specific part which identifies the order of the file. However,
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the data of one patient was usually spread over several days. The analysis of Parquet
data showed that typically one patient data was spread between 3-7 Parquet-files.
The maximum time between registry start times of PID exceeded the calendar time
of three months.

Therefore, each Parquet file was processed in a sequential order from 0 to 199.
Extracting PID data from each Parquet file was straightforward and executed as
follows. Firstly, the DataFrame is grouped by PatientID (PID). This grouping of the
data does not change the order of rows within the group. Therefore, the original row
order by Time was not permuted/changed. Secondly, the grouped PID was written
to a comma separated values (CSV) file as PID.csv. If the file existed, the current
grouped data was appended to the end of the existing file, otherwise a new PID-file
was created.

This data engineering step yielded 16412 CSV files, which are noted as Complete
PID record. The number of generated CSV files was significantly higher than the
expected 4988 patient IDs belonging to the study group. Thesis advisor investigated
this anomaly. It appeared that patients go through routine checks during pregnancy.
On those routine checks the CTG is applied with abdominal FHR transducer to
monitor fetal heart rate. Some of these routine checks yielded pseudonymization
process to generate completely new Pseudonymized ID for the same patient.

The HUS Tietohallinto didn’t provide the map between pseudonymized IDs and
real IDs. Therefore, 16412 figures of the two last hours of each of the PIDs needed
to be generated to find the 4988 Study Group members.

4.3.3 Creating two-hour data

Annotations, including the Study Group cases with increased FHR variability, were
determined by clinicians from the last two hours before delivery. Therefore, each of
the extracted 16412 PID CSV’s had to be engineered to contain the same two hours
time window the clinicians had analyzed. Of the data engineering tasks, related to
the thesis, this proved to be one of the most challenging. Solving the task included
several trial and error loops, and the visual inspection of FHR traces. The visual
inspection helped to formulate rules and definitions for how the data should be
handled. Therefore, the applied rules and definitions are introduced in this chapter.

The Time and RegistrationStartTime information were available as a string
objects. From these data fields two columns were added to the dataset containing
PID CSVs. The first new column EpochRegistrationStartTime holds Unix Epoch time
of the registration start. In addition, the second new column EpochTime similarly
contains the Unix Epoch time of the current sample. The Python library functions
that treat data conversions in the vector form operate relatively fast. Unfortunately,
some Python library functions occasionally failed to perform automatic conversion
from the string to the Epoch time. Therefore, the code first tried to apply vector-
based function in try-catch. If the vector-based conversion failed, the code looped
each row in the PID-file, and converted time and RegStarts one item at the time to
the Unix Epoch -time form. Moreover, it appears that with Python programming
paradigm, the management of time stamps and time conversions are implemented in
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numerous incompatible ways. Unfortunately, high number of Python time conversion
libraries do not work well together.

The Time information was not properly processed when changing clocks between
the standard time and the daylight saving time. The full CTG dataset included
several changes between the standard time and daylight saving time, but only one
PID (0.02%) was particularly affected. The Figure 11 displays data rows containing
daylight saving end and start of the standard time between rows three and four. The

Figure 11: Error on CTG dataset with daylight saving

Figure 11 illustrates, that the Time field contains the correct change of the time
zone (from three to two), but the hours of the time are not properly registered. Thus
the hours in the Time column continue to increase. Consequently, the hours shows
’03’, where it should rewind to ’02’ when daylight saving ends. Therefore, the time
conversion algorithms assume that between the third and the fourth data rows the
time jumps one hour forward.

Because the complete CTG dataset contains over 1.2 billion data rows, processing
of the final time conversion took six and half hours in the Triton cluster. Consequently,
each error in the dataset, combined with bugs in the code and library function
problems, lead to excess debugging and finally to dozens of codes performing data
validation. Therefore, this relatively simple and well known task in computer science
took approximately two to three weeks to complete.

To extract two hours, the moment of birth needs to be identified. In the thesis,
the defining of the moment of birth follows the Definition 1:

Definition 1 The delivery is assumed to occur at the moment of the last Time entry
when either FHR1 or FHR2 has a none-zero value and the Signal Quality is sufficient.

The Definition 1 is applied in the final version of the thesis dataset.
The Definition 1 is error prone and may introduce unintended anomalies or

artefacts. Figure 12 illustrates last twelve minutes of a FHR trace. In the Figure 12,
by Definition 1 the moment of delivery occurs at time-index 28800. At the end of the
FHR trace in the Figure 12 the FHR data includes noise/artefacts. Thus, the actual
moment of birth might have occurred earlier, around index 27800 (which equals four
minutes earlier). The exact moment of birth was verified by the clinician from the
patient record data.

Secondly, FHR trace data amount variability caused issues. Both the du-
ration of FHR trace and amount of data in the full time PID CSV files varied
significantly. Some of these full-record PIDs included only one Registration Start
Time and few minutes of data just before the delivery. These records were minority
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Figure 12: The challenge to identify the time of delivery at the end of a FHR trace

in the dataset. The majority of these full time PIDs contained several Registration
Start Times. Furthermore, the duration of one Registration Start Time varied from
minutes to hours.

To cope with FHR data amount variability, the following definition must hold:

Definition 2 The FHR trace duration must cover two hours of real time regardless
of the sample amount.

With the short FHR traces, the solution was to generate samples containing zero
as FHR value. Additionally, those generated samples implement 4"Hz sample rate,
such that the last generated zero sample occurred 250 ms before the registration
start time. Furthermore, the signal quality for these generated data rows was set
to zero. This method is called active zero padding. The zero padding was applied
when multiple registration starts were combined. To distinguish the zero padded
values from the CTG device generated data, prefix gen_ has been added to the
Registration Start Time and Time values. The long FHR traces have been truncated
so that the FHR trace covered the full two hours in real time. Finally, the rest of the
FHR traces were combined from the multiple registration starts, and possible gaps
were zero padded to create an illusion of steady sampling between the registration
starts. Synthesising FHR trace from multiple registration starts lead to analysis of
parallel registrations.

Parallel registrations occur when more than one active Registration Start
produce FHR samples within time windows that overlap. The complexity of finding
the correct FHR trace for a PID is explained with simple case of two parallel
Registration Start Times (RegStart). Figure 13 displays FHR traces of one PID,
which contains two RegStarts A and B. RegStart times A and B are actual time
stamps which can be ordered. The observations in the RegStarts A and B contain
respectively N and M samples. The sample times of RegStart A are noted as t1(i).
Likewise, RegStart B time indices are noted as t2(j).



35

Figure 13: Time relation of two or more active Registration Starts, and FHR samples

On the right side of the Figure 13 two cases are displayed. The cases include: A
occurs before B, and B occurs before A.

Definition 3 Parallel registration occurs if there exists two (or more) registration
starts where time A ≺ time B, and at least one FHR sample of Registration Start
Time B has time stamp t2(j) ≺ t1(i).

If A occurs before B, the first sample time of RegStart A must occur before the
RegStart B first sample. However, the last sample t1(k) can occur before or after the
last sample t2(k). Therefore, both RegStarts must be analyzed first as independent
traces, and in the second phase with all RegStarts that are situated in the same
time range. Moreover, all RegStart B samples can be situated within RegStart A
time domain between t1(0) and t1(N − 1). In addition, during the RegStart A, there
could occur multiple RegStarts B, C, D, etc. Analogously, the previous analysis of
active FHR trace can be performed when RegStart B occurs before RegStart A.

The assumption is that the clinicians pay attention to the health of the fetus and
mother. Therefore, the assumption states that the focus of the clinician is not on
topics, such as how data is stored, and when the FHR registrations are started and
stopped. As a result, there exists very long registrations, parallel registrations and
other anomalies in the FHR traces, because FHR transducers may be disconnected
before the FHR Registration is stopped.

When selecting the last active signal as the FHR trace source, a few cases were
identified when wrong registration start trace was selected. These registration starts
were observed from the generated figures. The solution to address the parallel
registrations involved selecting the registration start which had the latest time-stamp
with active signal. The active signal, with parallel registrations, is the FHR trace
that contains the least amount of zeros and has the highest signal quality during the
last ten minutes before the last active FHR sample. This selection criteria proved to
yield correct FHR trace selection.

High reporting rate. The complete dataset contained FHR traces, which
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contained much higher sample counts than expected for two-hour data. For example,
the maximum number of FHR samples in a FHR trace contained up to 113712
samples even if 28800 samples covers two hours with 4 Hz sample-rate. The reason
appeared to be the reporting rate, which was significantly higher than the assumed
4 Hz. Root cause of the increased sample rate was not researched. These anomalies
may originate either from the CTG monitor, data collection method, or the data
lake itself. The amount of FHR samples in the two hour FHR recordings was not
limited. Nevertheless, later with during the detection phase, the FHR traces were
re-sampled to equal sample rate.

Missing samples. In addition to the high reporting rate, some FHR traces had
significant gaps in the FHR sample times. These gaps locate inside of the active
FHR signal. Therefore, these anomalies were not zero padded. The zero padding
was applied only if the combined RegStarts had a gap or if the last RegStart was
too short to cover two hours. Therefore, the two hour FHR traces may contain less
than 28800 samples. Analogously, when the two hour FHR trace is utilized in zigzag
detection, the missing data will be interpolated in the re-sampling process.

Definition 4 The two hour (real time) FHR trace with 4 Hz sample rate should
include 28800 FHR samples unless active FHR trace contains fewer or excess samples.

Duplicate samples. Each FHR sample should have unique Time stamp orig-
inating from exactly one FHR transducer. The uniqueness of a FHR sample is
defined by the combination of the Registration Start Time, Time, PID, and FHR
transducer type in association with a FHR1 or FHR2 value. However, the complete
dataset contained duplicates on 1.4% of PIDs. The reason for data duplicates was
not studied.

Definition 5 Dataset duplicates exists if two or more rows have same value for
columns Registration Start Time, Time, PID, and FHR Transducer Type. Therefore,
it is impossible to determine if any FHR value on those rows could be trusted.

The duplicates were processed as follows:

• SET both FHR1 and FHR2 to zero
• SET signal quality to zero
• SET the FHR Transducer Type to 7

This process is called as duplicate replacement. This FHR Transducer Type operates
as an identifier of a duplicate data to anyone performing further analysis or processing
of the two hour dataset.

As a conclusion, the five listed definitions in this chapter are addressed in the
preprocessing pipeline. Thus, the generated two hour FHR trace vectors cover two
hours of real time with 28800 FHR samples. However, the amount of FHR samples
may differ significantly, and the FHR data may include duplicate replacements.
Thus, any future FHR analysis with two-hour dataset will most likely benefit from
the further preprocessing of the data, such as re-sampling of the FHR traces. For
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example, generating figures with Python Matplotlib Pyplot library assumes that
data in the horizontal axis is evenly spaced. Therefore, generating the 16412 two
hour FHR trace figures required an additional intermediate resampling step before
figure generation was possible. From these generated figures the clinician identified
the 4988 Study Group members with Pseudonymized ID.

4.3.4 Identifying Study Group member PIDs

The generated figures mimic the FHR traces seen on the screen of a CTG device.
Figure 14 shows the example of one generated figure. Figures presented in this thesis
obscure PID and actual time. The time in the figures are presented as an index.
Each printed index is multiple of 2400, which equals ten minutes of real time. The
hiding of time and PID is performed to protect the identity of the patient. The
upper trace presents the FHR trace from the first hour. The lower trace presents
the FHR trace from the second hour. The moment of delivery is expected to occur
around the index 28800.

Figure 14: FHR trace,two hours

The missing data is seen as a gap in the FHR trace around index 21600 in the
Figure 14. Further analysis of the trace indicates that around 19 minutes (before
index 4800), the FHR Transducer has been changed. Therefore, the first 19 minutes
of FHR trace appear stationary, whereas the rest of the FHR trace clearly contains
variability. Even if the analysis of the true nature of the FHR trace was not thesis
topic, several functions helping visualization were developed during the the FHR
analysis. For example, it was possible to overlay FHR transducer type information in
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the FHR trace. However, this information was not utilized by the clinician performing
the study group identification. In addition, this information was not finally applied
when dataset was used in the zigzag detection.

As a result of this phase, the 4988 PIDs belonging in the study group were
identified. Unfortunately, later one PID suffered from the data corruption and the
study group in thesis contains 4987 PIDs.

4.3.5 Annotating two hour data with zigzag labels

The zigzag episodes of the study group have been classified by the experienced
perinatologists. The clinician performed annotation by manually marking the zigzag
start and stop times with Excel to xlsx-file. In the xlsx file, each row contained a
PID and columns contained in order the start and the stop times of zigzag episodes.
Figure 15 displays how the zigzag episode times were stored.

Figure 15: Zigzag annotations in xlsx file

Figure 15 shows, that the column F contains the start time of the first zigzag
episode as wall time. The wall time is the local time at the Delivery Room as seen
on the clock by the clinician. Furthermore, the column G contains the first episode
end time. Similarly, each column pair in the Figure 15 from H to O indicate start
and stop of the following zigzag episodes.

When start and stop times are extracted from the xlsx file, the wall time needs
to be converted to the universal Epoch time. Furthermore, the EpochTime in the
two hour data originates from the CTG device, which is registering events with
microsecond timing. However, the annotated zigzag episodes are observed with
different time resolution having accuracy of a minute. The different time resolution
does not cause issues. In addition, because the FHR samples are ordered by time in
the PID CSV file, the start and stop times of an episode can be directly assigned as
boundaries where zigzag column is populated with value 1.

The following algorithm explains how the zigzag episode of a PID is processed:
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1. Generate zigzag vector equal to the length of the FHR vector. This vector will
be assigned as zigzag column for labelled dataset.

2. If the episode start time is before 22:00 OR the episode Start time is 22:00 or
after and the Stop time is before midnight:
(a) Calculate the epoch time of the current day.
(b) Calculate the epoch time of the current zigzag episode start time (use

current day). This is the start of Range.
(c) Calculate the epoch time of the current zigzag episode end time (use

current day). This is the end of Range.
(d) Set zigzag vector values to one for all samples residing within Range.

3. Else the day change occurs within episode:
(a) Calculate the epoch time of the current day.
(b) Calculate the epoch time of the current zigzag episode start time (use

current day). This is the start of Range A.
(c) Find epoch time of sample where hours of the Time field go to 00. This

epoch time is the inclusive end of Range A, and exclusive start of Range B.
(d) Calculate the epoch time of the next day.
(e) Calculate the epoch time of the current zigzag episode end time (use next

day). This is the end of Range B.
(f) Set zigzag vector values to one for samples in Range A and B.

4. Add created zigzag vector as new column to the DataFrame.

The annotations have been manually created. Therefore, a number of iteration loops
were needed to eliminate human errors on the information storing and processing.

4.3.6 The verification of zigzag episodes

The verification of zigzag episodes was performed by generating statistics of the zigzag
episodes. Furthermore, the visual verification of the zigzag episodes was performed
by the clinician. Thus, the figures of the FHR traces with added visual identifiers for
the region of zigzag episode were produced for the clinician. The Figure 16 displays
the time periods where the increased FHR variability meets the zigzag criteria by
highlighting them with red background.

As presented in the Figure 16, there exists three zigzag episodes. The duration
of the first episode is approximately four minutes. The duration of the second is
approximately three minutes. Finally, the duration of the third zigzag episode is two
minutes.
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Figure 16: FHR trace, two hours with three zigzag episodes

4.3.7 Data engineering steps

The Figure 17 displays high level view of the performed data engineering. Each step
shown in the Figure 17 contains the file format, number of files, and the size of the
data in the files. From the Figure 17 can be observed, that the created data set can

Figure 17: Data Engineering phases

fit in the memory of a typical desktop computer. The two-hour dataset contains
598560 minutes which equals approximately 416 days of continuous FHR traces.
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The full dataset contains approximately 3631 days of FHR traces. Thus, the data
engineering phase reduced CTG tracing data by 88.5% from the original dataset.

4.3.8 False assumptions and data anomalies

The dataset engineering process was slowed down by false assumptions and data
anomalies. If a mistake was found in the early processing phase, the complete data
engineering flow needed to be performed from scratch. At minimum, changes to the
code or annotations required to re-process final steps to generate the study group.
The large amount of the data required that the definitions and rules apply to all
PIDs equally. Thus, it was not feasible to create data engineering pipeline managing
and maintaining specialities of a particular PID. The amount of code written during
the data engineering and verification is approximately 29k rows. However, the final
code performing the final correct data engineer steps is only few thousands lines of
code. The key false assumptions are listed below.

The first false assumption: only one CTG sensor can report the FHR data at
any given time period. Because of this false assumption, the FHR1 and FHR2 data
was combined. Moreover, the FHR transducer type was discarded from PID.csv.
Therefore, backtracking the source of information was made impossible. Conversely,
it appeared that more than one transducer can report the FHR data. Therefore,
there could be two parallel FHR traces at the same time. Unfortunately, original
data parsing removed the FHR transducer type, and identification of this anomaly
took more than six days. Finally, it appears that this anomaly has two typical
explanations, even if more complicated scenarios exist. The first explanation is the
change of the FHR monitoring from abdominal transducer to intrauterine scalp
electrode. Thus, for a period of time both transducers do report FHR readings. The
second explanation covers cases when FHR monitoring is interrupted, for example
for a restroom visit or clinical research, and when FHR monitoring is continued,
another FHR transducer is activated in parallel with original FHR transducer.

The second false assumption: Time column would always progress in time.
Because of this false assumption, creation of the two hour data and validation of
the data took approximately twenty working days due to massive amount of manual
verification. The daylight saving change presented a major challenge. The CTG
device continued to report hours and minutes linearly, even if the time zone was
observed to adapt to daylight saving time.

The third false assumption was to expect exactly one RegistryStartTime to be
active for one PID at any given time. As a result, the patient might have had data
on a second registry, even if the first Registry Start Time continues to report zeros as
long as the transducer was disconnected or registration ended. The mitigating steps
included a number of trials generating inclusion and exclusion rules that eventually
to led correct selection of the active FHR trace.

The first false assumption required a fix where all the PID.csv’s where re-created
in a way that they included all the data columns from the Parquet files. The second
false assumption required regenerating two-hour dataset and fixing the Epoch time
calculation. Unfortunately, this also lead to the elimination of one PID that included
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a zigzag episode. The third false assumption required several re-runs of complete data
engineering pipeline, as selecting the wrong active FHR trace lead to non-identified
study group members.

4.4 The Thesis dataset
The dataset for the thesis, The Thesis Dataset, was further refined from the two-hour
dataset described earlier.

In the first phase of the creation of the thesis dataset, the two-hour dataset was
standardized. The two-hour data includes variable amount of FHR samples per PID.
Therefore, the two-hour data was re-sampled with 250 ms time window. Furthermore,
the FHR value for a sample was determined as median of the samples, or zero if no
values were present. In addition, the labels of zigzag were re-sampled with maximum
value of samples, or zero if no values were present. As a result, the thesis dataset
had 4987 PIDs, each with exactly 28800 samples. Unfortunately, the exact timing
information of the samples was not preserved, as all values were re-sampled in 250 ms
steps from the beginning of the two-hour FHR trace.

Secondly, because the zigzag episode has been defined as two-minute increased
FHR variability, the second phase extracted two-minute samples from the two-
hour samples. Furthermore, the detection is based on machine learning, where the
detection rules are learned from the data. Therefore, the data in the two-minute
vectors was allowed to contain only 5% of zero valued FHR data. Assumption is
that the vectors with significant count of zeros as active signal, could influence to
the detection performance of the machine learning classifiers.

Thirdly, at first the zigzag episodes were processed. Each episode was divided
into two-minute vectors. Therefore, the zigzag episodes that were not dividable by
two minutes produced the residual FHR vector having less than the two minutes
of data. Those residual FHR tracings with zigzag episodes were excluded from the
dataset. Moreover, the zigzag episodes containing more than 5% of zeros in the
FHR value were excluded. Thereafter, all FHR traces outside zigzag episodes were
scanned. The scan progressed in 10 second steps. If the vector in the two minute
window contained 95% of non-zero values, it was added to the pool of normal vectors
and the time was advanced two minutes.

The preprocessing yielded 235235 two-minute FHR trace vectors forming the
thesis dataset. The Figure 18 displays part of the thesis dataset. Furthermore, the
Figure 18 shows that zeros are present on the FHR traces. The two-minute samples
reduced the total duration of FHR traces to 470470 minutes. Thus, reduction from
the over-sampled 598560 minutes of two-hour FHR traces is 21.4%.

One important point is the imbalance on the thesis dataset. The thesis dataset
contains 1938 two-minute vectors of zigzag episodes. Therefore, only 0.82% of the
thesis dataset contains zigzag phenomenon.

The thesis dataset displayed in the Figure 18 is the source of data for the feature
extraction. The columns contain two-minute vectors. The row of a vector contains
a unique FHR sample. The feature extraction uses data set vectors and unique
samples. Therefore, the mathematical terminology for accessing the thesis dataset is
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Figure 18: The Thesis Dataset

defined as follows:

X = The Thesis Dataset
x̄i = The Input Vector i

x̄i(j) = The jth sample of the input vector i

N = Number of Input Vectors
M = Number of samples in the Input Vector

In the thesis dataset N = 235235 and M = 480. Thus, the X contains N input
vectors x̄i | i ∈ {1, · · · , N} or X =

(︂
x̄1, x̄2, · · · , x̄N

)︂
. Furthermore, each input vector

x̄i (the ith two-minute FHR trace) can be written as:⎛⎜⎜⎜⎝
xi(1)
xi(2)
· · ·

xi(M)

⎞⎟⎟⎟⎠.

Similarly, the the sample in dataset is x̄i(j) ∈ N | i ∈ {1, · · · , N}, j ∈ {1, · · · , M}.
The thesis dataset contains labels originating from zigzag annotations. The labels

are situated in the ȳ vector which can be expressed as:⎛⎜⎜⎜⎝
y1
y2
· · ·
yN

⎞⎟⎟⎟⎠.

The yi has value 0 if the input x̄i presents a normal pattern. Similarly, entry in the
vector has value 1 in yi if the corresponding x̄i has zigzag pattern. The names of
labels are respectively Normal and Zigzag.

These definitions are applied from this point forward in the thesis.
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4.5 The Zigzag pattern detection pipeline
The thesis zigzag detection is implemented with machine learning classifiers. The
Figure 19 displays the simplified view of how the ML classification pipelines are
applied in the thesis. The thesis dataset operates as the data input for the extracted
features and labels.

Figure 19: Zigzag pattern detection with ML

Feature extraction algorithms generate feature vectors from the two-minute FHR
traces. Feature vectors fi have been produced from input vectors x̄i with a set of
feature extraction functions h(◦). The collection of feature vectors is noted as F .
The ML classifier applied g(·) function, mapping the feature space to the hypothesis
space. Each ML classifier was trained with 80% of data. The function g(·) parameters
were optimized against f1-score. The ML model was finally tested with the remaining
20% of data. Both training set and test set preserve the original normal-to-zigzag
ratio.

The training set features are processed with StandardScaler object, which centers
and standardizes the feature data with standard deviation. Therefore, StandardScaler
object contains information of the training set. This object is saved to the file during
each time the code is executed. Thereafter, StandardScaler object can be applied
with the test set when ML classifier performance is evaluated. As a result of this
procedure, information of the the test set characteristics do not influence ML model
training.

The output of ŷi is a prediction whether the given fi, and therefore x̄i, contains
a FHR trace with a zigzag pattern (Positive) or normal pattern (Negative). If the
predicted value equals the true label value, the detector produces true estimate.
The true estimate contains true negative (for Normal labels) and true positive
(for zigzag labels). Similarly, if the predicted value does not equal the true label
value, the detector produces false estimate, which can be either false negative or
false positive. The quality of the pipelines applying feature vectors with Machine
Learning Classifier are quantified by relative proportion of the counts of true positives,
true negatives, false positives, and false negatives. The previous definitions assign
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the features, the machine learning classifiers, the labels, and the quality metrics
introduced in the theory section to the domain of the thesis terminology.

4.6 Feature Extraction
In the feature extraction phase, each two-minute FHR trace x̄i has been transformed
to a feature vector of fi. Depending of the feature extraction algorithm, the number of
generated features f varies. K denotes the number of features. Thus, each generated
feature vector is in the form of: (︂

f1, f2, · · · , fK

)︂
During the thesis development phase, several feature extraction methods have

been studied. However, only the operational feature extractions are described in the
following chapters.

4.6.1 Base Features

The five base statistical features have been applied as initial feature set. The base
features include mean value, standard deviation, median absolute deviation, sum
of differences, and cumulative sum. Thus, the number of features is K = 5. The
features are ordered in a feature vector fi as follows

(︂
fmean, fstd, fmad, fdiffsum, fcumsum

)︂
The mathematical definition of these base features are presented in the collection of
Equations 2. The formulas are based on the sample data instead of the population
data. For each input vector i ∈ N and input vector sample j ∈ M , the following
features were calculated.

fmean = 1
M

M∑︂
j=1

xi(j) = xi

fstd =

⌜⃓⃓⎷∑︁M
j=1 |xi(j) −xi|2

M − 1˜︁xi = median(xi)
fmad = median(|xi − ˜︁xi|)

fdiffsum =
M−1∑︂
j=1

(xi(j + 1) − xi(j))

fcumsum =
M∑︂

j=1
xi(j)

(2)



46

4.6.2 Spectral features

The feature extraction of spectral components applies Discrete Fourier Transforma-
tion (DFT) [57]. The applied DFT implementation is based on the Fast Fourier
Transformation (FFT) [58]. The input vector pre-processing involved zero centering
and normalizing data before applying the DFT. When applying DFT, the indexing
is converted so that the first sample index is zero and the last index is M − 1. The
DFT is formulated in Equation 3.

Xi(n) = DFT[xi(k)] ≜
M−1∑︂
k=0

xi(k)e−ȷ·2πk/M (3)

Each of the DFT outputs Xi(n) is converted to the energy domain which creates
a power spectrum. In addition, the energy domain was centered with median of the
energy vector. Furthermore, if the norm of the energy vector exceeded 1.0, the power
spectrum was normalized.

This normalized and median-centered power spectrum has been divided into four
bins. The frequency limits for bins are based on literature research and on empirical
analysis. The selected frequency bins were found to produce bins with random
distributions. The bins contain ultra low frequencies (ULF), very low frequencies
(VLF), low frequencies (LF), and rest of the frequencies (RF).

The DFT is performed with M = 480 and the assumed sample rate of 4 Hz.
Therefore, each spectral power bin contains energy of the 0.00833 Hz. The following
Table 5 summarizes the frequency bins where cumulative sum of the energy is
calculated. The Lower Limit is inclusive, whereas Upper Limit is exclusive boundary.

Freq bin boundary ULF VLF LF RF
Lower Limit 2 5 12 30
Upper Limit 5 12 30 239

Table 5: The spectral energy frequency bins as multiples of 0.008333 Hz

The bins with DC-component and the first 0.008333 Hz were not utilized with
spectral power features. Those bins would have contributed over 90% of energy
for most of the two-minute samples. Finally, extracting spectral power sp features
produces feature vectors fi where K = 4 and the features are arranged as follows:(︂

spULF , spV LF , spLF , spRF

)︂
4.7 ML classifiers
The thesis applies three machine learning classifiers for the zigzag pattern detection.
The classifiers k-Nearest Neighbor [41], Support Vector Classifier [59] and Random
Forest [60] are applied with supervised learning. Each of the classifier had a search grid
to find hyper parameters that produce best AUC in combination of score metric f1.
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The extracted features, the input, have been zero-centered and divided by standard
deviation of the feature vector values.

The input dataset was randomly divided with 80% to training and 20% to testing
for each code execution. The indices of train and test sets were saved onto a log-file.
Furthermore, the dataset division and classifier parameters were required to preserve
the ratio of the labels. Typical division of normal and zigzag entries in the training
and test sets are displayed in the Table 6.

Training Testing
Total 188188 47047

Normal 186638 46659
Zigzag 1550 388

Table 6: Typical split of data to train and test sets

The three ML classifiers have been trained with 7-fold cross validation. Eventually,
the f1-score proved to be the best optimization target, because it yielded ML model
producing the least amount of false classifications. Furthermore, each ML classifier
was given a search grid to find the best hyper-parameters. However, occasionally
the complete scan of the search grid proved to take too much time with some
combination of ML classifier and search grid. Therefore, if the computational time
exceeded two days, or required more than 100 GBs of memory, or if the search
grid contained more than 100 hyper-parameter grid combinations, the model fitting
was performed with RandomizedSearchCV instead of GridSearchCV. The results
of RandomizedSearchCV were exploited to configure better fitting search grid and
then new code run with complete GridSearchCV was performed. The search grid
parameters shown in the following chapter are the narrowed-down version which was
input to the GridSearchCV.

4.7.1 K-Nearest Neighbor

Zigzag pattern detection with KNN classifier was performed utilizing a search grid.
The search grid was applied to find best match hyper-parameters. For KNN, the hyper-
parameters were number of neighbors and selected metrics. The hyper parameter
’number of neighbors’ required empirical research. If the maximum number of
neighbors was allowed to be high, the KNN was classifying majority of the samples as
Normal, as those are majority of the data samples. Therefore, limiting the maximum
number of neighbors was set to one tenth of the number of zigzag traces in the test
set. However, setting the number this way makes the classifier specific to the use
case. Therefore, there is need for more general maximum of neighbors, which would
enable KNN classifier to perform zigzag pattern detection even if the dataset is not
known. However, this will transfer the challenge of classification to the proper feature
extraction.

The minimum number of neighbors is 1. The maximum number of neighbors is
one tenth of the number of zigzag episodes in the test set. The KNN grid vectors
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’num_neighbors’ and ’metrics’ were defined as in the following collection:

max_neighbors = #zigzags_in_testset/10
num_neighbors = (1, ..., max_neighbors|step = 2)
metrics = (′euclidean′,′ manhattan′,′ chebychev′)

4.7.2 Support Vector Classifier

Similarly to KNN classifier, the support vector machine based classifier (SVMC) was
instructed to search hyper parameters. Furthermore, the additional limitations for
SVMC were set, to limit over fitting to the data and to limit the processing time.

The SVMC benefits from polynomial support vectors, which generate the decision
boundary for features. The degree of polynomials is included on the search grid
with name parameter ’degee’. The generalization of hypothesis space optimization is
controlled with parameter ’C’. The parameter ’C’ is based on the ∥l2∥. Furthermore,
SVMC can benefit from several kernels. Therefore, four different kernels were included
in the search grid. In addition, the simulation performance was increased by setting
cache size to 2000 and limiting maximum iterations to 1000000.

The final SVMC search grid parameters were defined as seen in the following
collection of hyper-parameters:

C = (0.7500, 0.8333, 0.9167, 1.000)
degree = (2, 3, 4, 5)
kernels = (′linear′,′ poly′,′ rbf ′,′ sigmoid′)

4.7.3 Random Forest

The Random Forest Classifier (RFC) applies ensemble classification where classifier
builds forests from decision trees. The classifier output is defined by majority voting
of the decision trees. Therefore, number of trees defined is important for RFC.
The parameter controlling the number of trees is called ’estimators’. Furthermore,
during the splitting the data, the information gain can be measured with different
criteria. Therefore, the ’criterion’ is one input for the hyper parameter search grid.
Similarly, the minimum samples in the split is in the search grid, whereas minimum
number of leaf was allowed to be 1. In addition, the minimum depth of tree was set
to 4 and maximum depth to 20. Finally, random forest operated in bootstrapped
mode balancing each sub sample by ratio of the normal and zigzag labels. For each
bootstrapping tree formation occurring, the maximum number of samples was set to
half of the dataset size.

The final RFC search grid hyper-parameters are:

estimators = (75, 90, 100, 115)
max_depth = (4, 9, 14, 19)
criterion = (′gini′,′ entropy′)
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5 Results
This chapter reports the dataset properties, the content of the extracted features,
and ML detection results.

5.1 Dataset results
The total number of zigzag episodes in the two hour dataset is 999. In addition, the
final number of PIDs in the two-hour dataset is 4987, from which 581 include one or
more zigzag episodes. Distribution of zigzag pattern incidence, duration and time
between episodes are shown in Figures 20, 21 and 22

Figure 20 presents the histogram of zigzag pattern distribution. The vertical
axis presents the number of incidences. The horizontal axis indicates how many
zigzag patterns are found from a PID data.

Figure 20: Number of zigzag patterns and their occurrence

Figure 20 visualizes that it is more common for PID’s to have a low number of
zigzag patterns. The PID CTG record containing only one or two zigzag patterns
are the most common. Conversely, CTG record containing five, six or seven zigzag
patterns are not frequent in the dataset.
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Figure 21 presents the distribution of zigzag pattern duration. The vertical axis
has the number of incidences. The horizontal axis presents the duration of the zigzag
pattern.

Figure 21: The distribution of zigzag pattern duration

Figure 21 illustrates the shorter zigzag patterns are more frequent. The zigzag
pattern has the minimum duration of 120 seconds. Thus, the first bin in the Figure
21 occurs between 120 – 150 seconds. In addition, the Figure 21 indicates long zigzag
patterns to be less frequent. Nevertheless, the longest zigzag patterns exceed 1600
seconds. Not a single saltatory pattern (increased FHR variability with amplitude
changes of ≥ 25 bpm for >30 minutes or >1800 seconds) was observed.
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Figure 22 presents the interval between the zigzag periods, assuming there are
more than one zigzag pattern in the CTG trace. The vertical axis contains the
number of incidences. The horizontal axis present the time delta, or time between
consequent zigzag patterns.

Figure 22: Time delta between zigzag episodes

Figure 22 suggests that the shorter time between episodes are more common
than longer time between episodes, albeit the most frequent time between episodes is
not the shortest time delta. The minimum time delta between the consequent zigzag
patterns is not defined. Therefore, the time deltas can be shorter than the minimum
duration of zigzag episode.

The histograms in Figures 20, 21 and 22 do not apply to the thesis two-minute
dataset due the different inclusion method. However, the analysis of extracted
features reveals some properties of the thesis dataset. The analysis is performed
by analyzing histogram of the generated features. Each feature forms a column
vector whose content is divided in bins. For example, all base feature set fmean’s are
extracted as a vector and analyzed.

5.2 Analysis of Extracted Features
The analysis of a feature set is performed by analyzing the dataset histogram feature
by feature. Each feature forms a column vector from which its content is divided
into bins. The histograms illustrate the result of binning.
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5.2.1 Analysis of Base Features

The histograms of the base features are shown in Figure 23.

Figure 23: Histograms of base features

Histograms in Figure 23 suggest the following: Mean and Cumulative Sum
(cumsum) features have similar distribution. Thus, one of those could be removed
without any harm. Standard deviation (std) fature appears to have at least one
distribution maxim. Furthermore, Median Absolute Deviation (mad) differs from std
distribution. Finally, The Sum of Differentials (diff) clearly shows two distributions.
The first distribution is located around zero, whereas the second distribution peak is
around ±140.

The histogram shape is of importance, not the absolute values. This is because
all extracted feature vectors are zero centered and the distribution is standardized.
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5.2.2 Analysis of Spectral Features

The histograms of the spectral features are displayed in the Figure 24.

Figure 24: Histograms of spectral energy bins

Because the spectral power of each feature vector is scaled to be at maximum 1.0,
the horizontal axis presents scaled absolute energy in each bin. The original FHR
traces contain small high frequency components and more low frequency variation.
Therefore, expectation has been that the higher the frequency bin is, the higher
the zero count of the bin is. Histograms of spectral bins in Figure 24 suggest
the high frequency bin to contain mostly zero values. Furthermore, the ultra low
frequency appears to contain two spectral peaks. This finding is similar to the
suggested information content found in literature. However, the ULF does not lead to
significant information gain with regarding the zigzag pattern detection. Appendix A
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presents the distribution of the spectral energy features when the ’rest of frequencies’
is evenly divided to 30 × 0.00833 Hz bins. The accuracy of the ML classifiers did
not improve when higher number of frequency resolution was introduced as input
vectors.

5.3 Zigzag Detection Results
The total number of performed runs to fit machine learning model to the dataset
is 782. Furthermore, the runs contained variable size search grids which yield the
data to be processed up to thousand times per a run. Random Forest (RF) classifier
performed the classification in the least amount of time with the feature sets described
in the thesis. Therefore, most of the tests of new optimizations or fine tuning of
features were at first performed with RF. The number of parallel tasks in the Triton
cluster was 50, where each of the tasks occupied 32 processor cores, each having
four parallel memory channels. In addition, the local Triton high-speed Lustre data
storage was utilized. Therefore, at the best the IO-speed of the task running in the
Triton exceeded the laptop IO-performance with 100 × IO-performance. Employing
Triton cluster enabled to perform high number of demanding ML classification tasks
in a relatively short 2-month time window.

Table 7 summarizes key findings from the applied classifiers, optimization targets
and feature sets. The table contents is based on the ML models which were saved
after model fitting. Thus, all the presented values and analysis results are completely
re-producible from the data preparation, diving the data set to the training and
testing, and finally re-fitting or utilizing the already trained ML model.

Classifier Feature set Optimization Label AUC Test Accuracy precision recall f1-score support

KNN Base Features AUC Normal 0.798 0.99 0.99 1.00 1.00 46659
Zigzag 0.90 0.02 0.05 388

KNN Base Features f1-score Normal 0.621 0.99 0.99 1.00 1.00 46659
Zigzag 0.58 0.14 0.23 388

SVM Base Features AUC Normal 0.904 0.81 1.00 0.81 0.89 46659
Zigzag 0.04 0.89 0.07 388

SVM Base Features f1-score Normal 0.903 0.80 1.00 0.80 0.89 46659
Zigzag 0.04 0.89 0.07 388

RF Base Features AUC Normal 0.904 0.81 1.00 0.81 0.89 46659
Zigzag 0.04 0.89 0.07 388

RF Base Features f1-score Normal 0.911 0.94 1.00 0.94 0.97 46659
Zigzag 0.08 0.56 0.14 388

RF Spectral Features f1-score Normal 0.792 0.94 0.99 0.94 0.97 46659
Zigzag 0.03 0.24 0.06 388

Table 7: Results of zigzag detection with ML classifiers

Table 7 suggests that the accuracy does not reflect to the reliable detection of
the zigzag pattern. This might not be intuitive, but accuracy of 99.18% would be
achieved if sample would be always classified as normal. Thus, the accuracy is not
the metric to be used with highly imbalanced dataset and when the minority group
data is to be detected. Similarly, it would be relatively easy to increase the AUC
ROC-value to 0.99, by sacrificing the zigzag detection capability completely. These
examples are provided to emphasize how single poorly selected optimization target
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can devastate the detectors functionality. In addition, a low f1-score that is seen
with the most of the analysis results, indicates that there exists a high number of
either false positives or false negatives.

The spectral features were tested with the thesis classifiers. Only one detection
result with RF and spectral features is presented in the Table 7. None of the classifiers
was able to result good detection results. Therefore, those results are left out from
the previous table. Moreover, the KNN with spectral features failed badly by yielding
AUC ROC value of almost exactly 0.500 (with three decimals). The AUC ROC curve
with the value of 0.5 has no information on the prediction, thus it is a ’coin-toss’ value
for the classifier. SVM performance with the spectral features was in the same range
as RF, but model fitting requires two days of calculation time from the computing
cluster. Therefore, only three grid search runs were executed. The maximum AUC
ROC with SVM and the spectral features was 0.602, and the f1-score with zigzag
0.03.

The following chapters describe the details of detection with the ML classifiers.

5.3.1 K-Nearest Neighbor Classifier results

The KNN classifier produced results which were highly dependent of the selected
scoring and the number of neighbors. Furthermore, the imbalance in the dataset
labels and optimization criteria have high influence on the results. For example,
if scoring optimization target was set to AUC value, the search grid selected the
highest number of neighbors from the search grid without exception. This behavior is
expected with the dataset having high imbalance in labels. Therefore, if the number
of neighbors classifying the new sample is set too high, it is more likely that the new
sample originates from the label which has higher incidence in the dataset. Thus,
the AUC curve, similarly to the accuracy, is maximized if the number of neighbors is
high.

To allow zigzag patterns to be detected, setting the score optimization to f1-score
led without exception to the smallest number of neighbors available in the search
grid. Therefore, if a smaller number of neighbors are allowed to determine the new
sample class, the imbalanced label has an improved chance to assing the correct label
for the new sample.

The number of neighbors for AUC optimized KNN model is 37 (of maximum
37). On the contrary, the number of neighbors for f1-optimized KNN model is 3 (of
minimum 1).

5.3.2 Support Vector Machine results

The SVM with radial basis function kernel had similar performance than RF classifier.
However, SVM had higher requirement for the processing power and was subject to
less randomized grid search than RF classifier.

The SVM classifier was able to produce almost equal zigzag detection results
regardless of the optimization targets set to the f1-score and AUC-value. The likely
explanation is that with the radial basis kernel, which was less sensitive to the
imbalance of the dataset labels, and optimization target. With linear kernel, the ML
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Figure 25 displays the confusion matrix of training set and testing set of the f1-score
optimized model.

(a) Training (b) Testing

Figure 25: KNN confusion matrix for f1-score

models reached at best AUC-value of 0.82 and f1-score of 0.05. The linear kernel is
not able learn parameters leading to the decision boundaries equivalent of the radial
basis functions.

The challenge with SVM was its tendency to lead grid search to such parameters
that performed detection well with the training dataset, but didn’t generalize to
test dataset well. The parameter C controls the generalization. The randomized
grid search narrowed the fixed grid to four evenly spaced values between 0.75–1.00.
However, regardless of the scoring function (AUC vs f1), the parameter C was most of
the times set to 1. Only a with spectral features, the parameter C once was selected
as 0.933. Moreover, the selection with spectral features lead to f1-score of 0.01.

The hyper-parameter controlling the SVM polynomial degree was without excep-
tion the lowest value offered in the search grid. The origin of the selection appears
to be the low number of features. SVM didn’t require higher degree than 2 or 3 to
find optimum model fit.

5.3.3 Random Forest Classifier results

Random Forest (RF) classifier proved to be useful aid while fine tuning the features
and the search grid hyper-parameter ranges. In addition, RF was able to achieve
equivalent detection performance to the SVM classifier. Furthermore, due to the
computational efficiency of the algorithm, it was possible to process large search
grids (up to 1000 nodes) during a single working day.

The criterion varied between ’gini’ and ’entropy’ without a clear trend or depen-
dency why one information gain metric performed better. The maximum depth of
trees in the search grid was typically the deepest available tree. Limiting the depth
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SVM was able to accomplish good detection results and AUC-values. Avoiding the
training time over-fit of the SVM model led to the highest AUC-value with the test
set. Figure 26 shows the AUC curves of the SVM training and testing sets with
optimization of f1-score.

(a) Training (b) Testing

Figure 26: SVM AUC with base features and f1-scoring

was one way to increase generality of the RFC model. Similarly, both the number of
estimators and the number of trees in the forest tend to select the maximum value
available for those in the search grid. The RFC model generalization was controlled
by the combination of the number of trees, depth of trees, and samples per leaf as
the key contributors to the generality of the random forest model.

The RF classifier was always the first to be tested, after which the changes in the
extracted features were applied to the two other ML classifiers in the thesis. However,
RF classifier was easily over-fit to the training dataset. The generalization, after the
high performing parameters were found, had to be performed. RF classifier produced
detection quality comparable to the SVM. Even if the RF model was over-fit to the
training dataset, the testing yielded high AUC-values.
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Furthermore, Figure 27 displays the confusion matrix of the training set and testing
set of the f1-score optimized model. The low number of false negatives is encouraging.
Unfortunately, the number of false positives (top right corner) might cause issues if
the detector would be applied with operations at the Delivery Ward.

(a) Training (b) Testing

Figure 27: SVM confusion matrix for f1-score

Figure 28 shows the AUC curves of the RFC training and testing sets with
optimization of the f1-score.

(a) Training (b) Testing

Figure 28: RFC AUC with base features and f1-scoring
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Furthermore, Figure 29 displays confusion the matrix of the training set and testing
set of the f1-score optimized RF model. Unfortunately, this classifier, even if it
produces a higher AUC-value, introduces higher count of false negatives (bottom
left corner) when compared to SVM. However, the number of false positives is
significantly lower than with SVM classifier.

(a) Training (b) Testing

Figure 29: RFC confusion matrix for f1-score
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Spectral features were mostly developed with RF classifier. Figure 30 displays
ROC-curve of the training set and the testing of RF model applying spectral
features.

(a) Training (b) Testing

Figure 30: RFC AUC curves for f1-score

Both training and testing yield low AUC-value. Furthermore, the testing AUC ROC
curve starts to be relatively close of the ’coin-toss’ diagonal line.

Furthermore, Figure 31 displays confusion matrix of training set and testing set
when spectral features Unfortunately, this RF classifier with spectral features fails
the zigzag detection.

(a) Training (b) Testing

Figure 31: RFC confusion matrix with spectral features
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6 Conclusions and Future Work
The early detection of fetal hypoxia during labor would benefit the fetus, the mother
and the clinicians. Furthermore, the zigzag pattern of FHR has been shown to
indicate fetal hypoxia. The characteristics of the zigzag pattern are known. Thus,
creating the detector for the zigzag pattern is possible. An automated detection of
the zigzag pattern would be a valuable assistant for a midwife or obstetrician in the
Delivery Room.

However, real-life CTG tracings include a considerable amount of noise and
artefacts. Therefore, the noise may influence the obstetricians’ ability to determine
fetal distress reliably by a visual inspection of the FHR trace. Thesis introduced
data engineering workflow (pre-processing) where large CTG dataset was cleaned
to be applied with machine learning classifiers. Moreover, thesis introduced feature
extraction algorithms which provided decent results for detecting the zigzag pattern.

The pre-processing of the data can be implemented to the CTG monitor. Fur-
thermore, the detector based on random forest requires only little processor time to
perform the detection. Therefore, both FHR trace preprocessing and detection could
be implemented with modest effort to the Delivery Room or central observation
room. However, the detectors developed during the thesis work currently produce
too many false positive and false negative findings.

If improvements are introduced to the feature extraction and if the verification
of the detection is automated, the rest of the data lake CTG tracings could be
analyzed an approximately in two hours per year with a normal laptop computer.
This estimate is subject to the data transfer speed between the data lake and the
laptop.

Co-operation with CTG device manufacturers would enable implementing the
necessary pre-processing to the CTG monitor itself. Therefore, the detection and
interpretation of FHR changes could be performed in real time at the Delivery Ward.

6.1 Future work
The thesis has produced a well explained base for building improved zigzag-detectors.
Further analysis of the FHR traces could perhaps help define the dimension or
method which would enable distinguishing the normal pattern from zigzag pattern.
Therefore, work focusing only analysis of the FHR traces in the clean data set would
benefit feature extraction.

The following future work would improve the zigzag pattern detector performance
and enable implementation to the real-time clinical analysis use:

• Automate data engineering and validation. This task would enable creation
of the continuous FHR traces from any given patient from the data lake or
real-time CTG monitoring.

• Implementation of advanced feature extraction algorithms, such as Kalman-
filters, and dynamic system self similarity, could reduce current detector false
positives and false negatives share.

• Optimize current detectors with new features.
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• Implement zigzag detection with neural networks, such as recurrent neural
network or transformers. Furthermore, implement advanced machine learning
classifiers such as reinforcement learning with probabilistic classifiers.

• Implement monitoring tool into Delivery Ward of the Helsinki University
Hospital. This is eventually the ultimate goal of the zigzag pattern detector.
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A Appendix - Spectral Energy Features nine bins
The Figure A1 shows the unnormalized power spectrum when the spectral power
bin ’rest frequencies’ is evenly divided to bins of 30 × 0.00833Hz and labelled with
SP_A to SP_F. It can be observed that the dividing frequency to the larger amount
of bins leads to an increased number of zero values inside the bin.
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Figure A1: Histograms of spectral energy in nine bins
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B Appendix - Relevant Web-sources
This appendix includes references which are not publications but still essential for
reader of the thesis. The structure is as follows: in the table there is a keyword, with
short description of the reference followed by a link to the web-site.

Table B1: References to web-resources

Keyword Description URL
Aalto Science-IT Aalto university support IT-support program for scientific computing https://scicomp.aalto.fi/triton/

DataFrame Pandas data-structure for data https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.html
DASK A library offering advanced parallelism for analytics https://dask.org/

FastParquet A python library to access Parquet-format data https://github.com/dask/fastparquet/
Pandas Python support library providing data structures and manipulation tools https://pandas.pydata.org/pandas-docs/stable/index.html
Parquet A file-format optimized for columnar data https://parquet.apache.org/
Python A programming language https://www.python.org/
SLURM Workload balancer https://slurm.schedmd.com/documentation.html

https://scicomp.aalto.fi/triton/
https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.DataFrame.html
https://dask.org/
https://github.com/dask/fastparquet/
https://pandas.pydata.org/pandas-docs/stable/index.html
https://parquet.apache.org/
https://www.python.org/
https://slurm.schedmd.com/documentation.html
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C Appendix - Python Environment
For reproducible research the following is recording of dependencies for python 3.7.7
environment.

# This file may be used to create an environment using:
# $ conda create --name <env> --file <this file>
# platform: linux-64
_libgcc_mutex=0.1=main
_tflow_select=2.1.0=gpu
absl-py=0.9.0=py37_0
alabaster=0.7.12=py37_0
appdirs=1.4.3=py37h28b3542_0
apptools=4.5.0=py_0
argh=0.26.2=py37_0
arrow-cpp=0.13.0=py37h6b969ab_7
ase=3.19.1=py_0
asn1crypto=1.3.0=py37_1
astor=0.8.0=py37_0
astroid=2.4.2=py37_0
astropy=4.0.1.post1=py37h7b6447c_1
astunparse=1.6.3=py_0
atomicwrites=1.4.0=py_0
attrs=19.3.0=py_0
automat=0.8.0=py_0
autopep8=1.5.3=py_0
babel=2.8.0=py_0
backcall=0.2.0=py_0
backports=1.0=py_2
bash-kernel=0.7.2=pypi_0
bcolz=1.2.1=py37h04863e7_0
bcrypt=3.1.7=py37h7b6447c_1
beautifulsoup4=4.9.1=py37_0
binutils_impl_linux-64=2.33.1=he6710b0_7
binutils_linux-64=2.33.1=h9595d00_15
bitarray=1.4.0=py37h7b6447c_0
bkcharts=0.2=py37_0
blas=1.0=mkl
blaze=0.11.3=py37_0
bleach=3.1.5=py_0
blinker=1.4=py37_0
blosc=1.19.0=he1b5a44_0
bokeh=2.1.1=py37_0
boost=1.70.0=py37h9de70de_1
boost-cpp=1.70.0=ha2d47e9_1
boto=2.49.0=py37_0
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bottleneck=1.3.2=py37heb32a55_1
brotli=1.0.7=he6710b0_0
bzip2=1.0.8=h7b6447c_0
c-ares=1.15.0=h7b6447c_1001
ca-certificates=2020.6.24=0
cachetools=4.1.0=py_1
cairo=1.14.12=h8948797_3
certifi=2020.6.20=py37_0
cffi=1.14.0=py37h2e261b9_0
cftime=1.1.2=py37heb32a55_0
chardet=3.0.4=py37_1003
click=7.1.2=py_0
cloudpickle=1.3.0=py_0
clyent=1.2.2=py37_1
colorama=0.4.3=py_0
conda=4.8.3=py37_0
conda-env=2.6.0=1
conda-package-handling=1.6.1=py37h7b6447c_0
conda-tree=0.1.0=py_0
configargparse=1.2.3=py_0
configobj=5.0.6=py37_1
constantly=15.1.0=py37h28b3542_0
contextlib2=0.6.0.post1=py_0
coverage=5.0=py37h7b6447c_0
cplex=12.10=py37_0
cryptography=2.9.2=py37h1ba5d50_0
cryptography-vectors=2.9.2=py_0
cuda100=1.0=0
cudatoolkit=10.1.243=h6bb024c_0
cudnn=7.6.5=cuda10.1_0
cupti=10.1.168=0
cupy=7.6.0=py37h0632833_0
curl=7.69.1=hbc83047_0
cusignal=0.14.1=py37_0
cvxopt=1.2.0=py37hfa32c7d_0
cycler=0.10.0=py37_0
cython=0.29.21=py37he6710b0_0
cytoolz=0.10.1=py37h7b6447c_0
dask=2.20.0=py_0
dask-core=2.20.0=py_0
datashape=0.5.4=py37_1
dbus=1.13.16=hb2f20db_0
decorator=4.4.2=py_0
defusedxml=0.6.0=py_0
diff-match-patch=20181111=py_0
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dill=0.3.2=py_0
dipy=1.1.0=py37hc1659b7_1
distributed=2.20.0=py37_0
docopt=0.6.2=py37_0
docutils=0.16=py37_1
double-conversion=3.1.5=he6710b0_1
entrypoints=0.3=py37_0
envisage=4.9.2=py_0
et_xmlfile=1.0.1=py_1001
expat=2.2.9=he6710b0_2
fastcache=1.1.0=py37h7b6447c_0
fastparquet=0.3.2=py37heb32a55_0
fastrlock=0.4=py37he6710b0_0
feather-format=0.4.1=pyh9f0ad1d_0
filelock=3.0.12=py_0
flake8=3.8.3=py_0
flask=1.1.2=py_0
flask-cors=3.0.8=py_0
fontconfig=2.13.0=h9420a91_0
freetype=2.10.2=h5ab3b9f_0
fribidi=1.0.9=h7b6447c_0
fsspec=0.7.4=py_0
future=0.18.2=py37_1
gast=0.3.3=py_0
gcc_impl_linux-64=7.3.0=habb00fd_1
gcc_linux-64=7.3.0=h553295d_15
gettext=0.19.8.1=hd7bead4_3
gflags=2.2.2=he6710b0_0
gitdb=4.0.5=py_0
gitpython=3.1.3=py_1
glib=2.65.0=h6f030ca_0
glob2=0.7=py_0
glog=0.4.0=he6710b0_0
glpk=4.65=h3ceedfd_2
gmp=6.1.2=h6c8ec71_1
gmpy2=2.0.8=py37h10f8cd9_2
google-auth=1.17.2=py_0
google-auth-oauthlib=0.4.1=py_2
google-pasta=0.2.0=py_0
gpy=1.9.9=py37h03ebfcd_3
graphite2=1.3.14=h23475e2_0
greenlet=0.4.16=py37h7b6447c_0
grpcio=1.27.2=py37hf8bcb03_0
gsl=2.4=h14c3975_4
gst-plugins-base=1.14.0=hbbd80ab_1
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gstreamer=1.14.0=hb453b48_1
gurobi=9.0.2=py37_0
gxx_impl_linux-64=7.3.0=hdf63c60_1
gxx_linux-64=7.3.0=h553295d_15
gym=0.17.2=pypi_0
h5py=2.10.0=py37h7918eee_0
harfbuzz=2.4.0=hca77d97_1
hdf4=4.2.13=h3ca952b_2
hdf5=1.10.4=hb1b8bf9_0
heapdict=1.0.1=py_0
html5lib=1.1=py_0
hyperlink=19.0.0=py_0
hypothesis=5.18.3=py_0
icu=58.2=he6710b0_3
idna=2.8=py37_0
imageio=2.9.0=py_0
imagesize=1.2.0=py_0
importlib-metadata=1.7.0=py37_0
importlib_metadata=1.7.0=0
importnb=0.6.1=py37hc8dfbb8_2
incremental=17.5.0=py37_0
intel-openmp=2020.1=217
intervaltree=3.0.2=py_1
ipdb=0.13.0=pyh9f0ad1d_0
ipykernel=5.3.2=py37h5ca1d4c_0
ipyparallel=6.3.0=py37_0
ipython=7.16.1=py37h5ca1d4c_0
ipython_genutils=0.2.0=py37_0
ipywidgets=7.5.1=py_0
isort=4.3.21=py37_0
itsdangerous=1.1.0=py37_0
jbig=2.1=hdba287a_0
jdcal=1.4.1=py_0
jedi=0.15.2=py37_0
jeepney=0.4.3=py_0
jinja2=2.11.2=py_0
joblib=0.16.0=py_0
jpeg=9d=h516909a_0
json5=0.9.5=py_0
jsoncpp=1.8.4=hfd86e86_0
jsonschema=3.2.0=py37_1
jupyter=1.0.0=py37_7
jupyter_client=6.1.5=py_0
jupyter_console=6.1.0=py_0
jupyter_contrib_core=0.3.3=py_2
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jupyter_contrib_nbextensions=0.5.1=py37_0
jupyter_core=4.6.3=py37_0
jupyter_highlight_selected_word=0.2.0=py37_1000
jupyter_latex_envs=1.4.6=py37_1000
jupyter_nbextensions_configurator=0.4.1=py37hc8dfbb8_1
jupyterlab=2.1.5=py_0
jupyterlab-git=0.20.0=pypi_0
jupyterlab_server=1.2.0=py_0
jupytext=1.5.1=pyh9f0ad1d_0
keras=2.4.3=0
keras-base=2.4.3=py_0
keras-preprocessing=1.1.0=py_1
keyring=21.2.1=py37_0
kiwisolver=1.2.0=py37hfd86e86_0
krb5=1.17.1=h173b8e3_0
lazy-object-proxy=1.4.3=py37h7b6447c_0
ld_impl_linux-64=2.33.1=h53a641e_7
libarchive=3.3.3=hb44662c_1005
libcurl=7.69.1=h20c2e04_0
libedit=3.1.20181209=hc058e9b_0
libffi=3.2.1=hd88cf55_4
libgcc-ng=9.1.0=hdf63c60_0
libgfortran-ng=7.3.0=hdf63c60_0
libgpuarray=0.7.6=h14c3975_0
libiconv=1.15=h63c8f33_5
liblief=0.10.1=he6710b0_0
libllvm9=9.0.1=h4a3c616_1
libnetcdf=4.6.1=h11d0813_2
libogg=1.3.2=h7b6447c_0
libpng=1.6.37=hbc83047_0
libprotobuf=3.8.0=hd408876_0
libsodium=1.0.18=h7b6447c_0
libspatialindex=1.9.3=he6710b0_0
libssh2=1.9.0=h1ba5d50_1
libstdcxx-ng=9.1.0=hdf63c60_0
libtheora=1.1.1=h5ab3b9f_1
libtiff=4.0.10=h57b8799_1003
libuuid=1.0.3=h1bed415_2
libvorbis=1.3.6=h7b6447c_0
libxcb=1.14=h7b6447c_0
libxgboost=1.0.0.SNAPSHOT=cuda10.1_1
libxml2=2.9.9=hea5a465_1
libxslt=1.1.33=h7d1a2b0_0
llvm-openmp=8.0.1=hc9558a2_0
llvmlite=0.33.0=py37hc6ec683_1
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locket=0.2.0=py37_1
lxml=4.5.1=py37hefd8a0e_0
lz4-c=1.8.3=he1b5a44_1001
lzo=2.10=h7b6447c_2
mako=1.1.3=py_0
markdown=3.1.1=py37_0
markupsafe=1.1.1=py37h14c3975_1
matlab-kernel=0.16.9=pypi_0
matplotlib=3.2.1=0
matplotlib-base=3.2.1=py37hef1b27d_0
mayavi=4.7.1=py37h94891b3_2
mccabe=0.6.1=py37_1
meshio=4.0.16=py_0
metakernel=0.24.3=py_0
metis=5.1.0=hf484d3e_4
mistune=0.8.4=py37h14c3975_1001
mkl=2020.1=217
mkl-service=2.3.0=py37he904b0f_0
mkl_fft=1.1.0=py37h23d657b_0
mkl_random=1.1.1=py37h0573a6f_0
mne=0.20.7=py37hc8dfbb8_0
mock=4.0.2=py_0
more-itertools=8.4.0=py_0
mosek=9.2.14=py37_0
mpc=1.1.0=h10f8cd9_1
mpfr=4.0.2=hb69a4c5_1
mpi=1.0=mpich
mpi4py=3.0.3=py37hf046da1_1
mpich=3.3.2=hc856adb_0
mpmath=1.1.0=py37_0
msgpack-python=1.0.0=py37hfd86e86_1
multipledispatch=0.6.0=py37_0
nbconvert=5.6.1=py37_1
nbdime=2.0.0=py_1
nbformat=5.0.7=py_0
nbscript=0.1.0=pypi_0
nbstripout=0.3.9=pyh9f0ad1d_0
nbval=0.9.5=py_0
nbzip=0.1.0=pypi_0
nccl=2.7.6.1=h51cf6c1_0
ncurses=6.2=he6710b0_0
netcdf4=1.4.2=py37h808af73_0
networkx=2.4=py_1
nibabel=3.1.1=py_0
nilearn=0.6.2=pyh5ca1d4c_0
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ninja=1.9.0=py37hfd86e86_0
nitime=0.8.1=py37hc1659b7_1
nltk=3.5=py_0
nose=1.3.7=py37_1004
notebook=6.0.3=py37_0
numba=0.50.1=py37h0573a6f_1
numexpr=2.7.1=py37h423224d_0
numpy=1.18.5=py37ha1c710e_0
numpy-base=1.18.5=py37hde5b4d6_0
numpydoc=1.1.0=py_0
oauthlib=3.1.0=py_0
odo=0.5.1=py37_0
olefile=0.46=py37_0
opencv-contrib-python=4.3.0.36=pypi_0
openmp=8.0.1=0
openpyxl=3.0.4=py_0
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