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Abstract

This project describes our approach for automating theiedlon stage needed by the Factorial
Switching Linear Dynamical System (FSLDS) for neonatalditon monitoring.

Using observations collected by the monitoring equipmitiet FSLDS proposed by Prof Christo-
pher Williams and Dr John Quinn [22] is highly successfulnferring the probability distri-
butions of both physiological and artifactual hidden fastaffecting the measurements. The
detection of these factors presents vital importance taoidins. However, the FSLDS must be
calibrated using manually selected data segments comdsmpto normal dynamics. Our goal
is to automatically find such intervals.

The proposed solution uses a binary classifier able to thétaie normal sections from a set
of fixed length measurement intervals. A “channel-basedssification is justified, together
with a new labeling for the data, feature extraction sohgiand a performance criterion espe-
cially developed for the task. Experimental results havaatestrated that our classifiers are
able to correctly extract normality sections from the obagons on hand. More importantly,
a number of comparative tests between the auto- and maruadibyated FSLDSs provide ev-
idence that our approach is indeed successful in uncovérmbidden factors influencing the
observational data.
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Chapter 1

Introduction

It is often the case that people have to swiftly make critaatisions in order to respond to
the behavior of complex systems. The situations when thet exate of the system cannot be
directly observed are clearly the most challenging. One édliate action to be taken in such
a scenario is to choose a set of relevant measurement chdonehe analysed system and
monitor their evolution through time.

In face of uncertainty, common-sense tells us to rely on nsod@ general, models tend to
simplify the structure of a real-world system by making a ageassumptions. Sometimes,
it can be useful to assume that the system switches betweertaancnumber of modes of
operation. Condition monitoringis the task of inferring which regime is being followed by

using measurements taken from the system.

The present project is dedicated to performing conditiomitocing on such a system, namely
premature born babies receiving intensive care. Born 1&€keks before the full term gestation
of 40 weeks, they have an extremely fragile physical conwlitiTheir state of health cannot be
directly observed, but a set of physiological measuremierdsllected on a second-by-second
basis by cotside devices. A presentation of the vital aspd baby’s physiology monitored in

a neonatal unit will be given in Chapter 2. In broad termsiicians use their expert knowledge
together with these recordings in order to determine thedmsgse of action for each patient.
Nevertheless, this is far from being a trivial task. Forteha the model introduced in the

following comes into support.

Proposed by Dr John Quinn and Prof Christopher Williams §£27 24], The Factorial Switch-
ing Linear Dynamical System (FSLDS) has the ability to maalelystem which switches be-
tween multiple modes of operation conditioned on a set dbfac The main focus of their
work was on the inference problem. More precisely, givenqusace of observations, the
FSLDS would output the filtering distribution of the switaftting at each time step. Since ex-
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act inference is computationally intractable in such a majgproximate methods have been
employed. A more detailed description of the FSLDS's stigttraining procedure and the
inference algorithms will be given in Chapter 3. The moded haen especially tuned for the
task of physiological condition monitoring. It has provedt highly successful in determining
the hidden factors that govern the observations collecgatbtside computers.

As a crucial part of training the FSLDS, a manugalibration stage is needed. This requires
finding an interval of normality for each examined baby. Bymality, we generally understand

a period in which the baby is in a stable condition. Once sucimirval is detected, it is used

to determine the parameters of the FSLDS associated withaldoehavior. Subsequently,

these parameters help in finding the dynamics of other knegimes.

The primary goal of this project is tautomatethis calibration stage. More exactly, we will
build a binary classifier that predicts whether an interfahonitoring data is normal or not.

The main reason for the feasibility of such a classificat®that while the normal dynamics
can be different for each baby, artifact is stereotypicalisassertion will be further explained
throughout the dissertation. Crucial parts of our work weeating a more appropriate labeling
for the data and extracting a relevant set of features to sisassifiers’ input.

Performance evaluation for the auto-calibration procedsidone in two phases. First, we as-
sess the quality of the predictions produced by the classifigince only classifiers that have
probabilistic outputs have been employed, we give our tegid ROC curves. Furthermore,
a performance criterion especially designed for the tasksisussed. Second, we use the pre-
dictions of the classifiers in order to train the FSLDS andthee it to do inference. This
analysis is much more interesting since it allows a direatgarison between the manual and
auto-calibrated models. Our main conclusion is that the-aatibrated FSLDS can be confi-
dently used to perform neonatal condition monitoring. Egbes of the auto-calibrated FSLDS
in action are also presented.

1.1 Outline of the dissertation

Chapter 2 is an introduction into physiological monitoring in a netaldantensive care unit.
The most important aspects of the data used in this projeail@scribed. Explanations of the
measurement channels and of common monitoring patterrsffared along with illustrative
plots.

Chapter 3 is dedicated to the Factorial Switching Linear Dynamicaét8yn (FSLDS). It be-
gins by reviewing the previous work in the area of probatidislynamical models that has
allowed the construction of the FSLDS. Then we explain thecsire of the FSLDS, its train-
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ing procedure and the appropriate inference algorithmspekial emphasis is placed on the
mandatory calibration stage required by the training ptaoe.

Chapter 4 shows our approach for automating the calibration stagdeteby the FSLDS.
Confronting the goals of the project with the results of tRpleratory data analysis, we are
able to articulate our design choices. The preference fdnamrmel based classification of
normality is motivated. Relying on the medical considemadi reviewed in Chapter 2, we
justify a new labeling for the data and our selections fotufemextraction. Finally, the choice
of the classifiers and the setup for training and testing gp&amed.

Chapter 5 shows the results obtained by employing the classifiersibutie previous sections.
First, we study the probabilistic outputs of the classifidiisen, we demonstrate that the auto-
calibrated FSLDS is able to match the performance of the aljncalibrated model in terms
of inference quality. We also plot various inferred diatitibns of the switch settings in support

of our claim.

Chapter 6 presents and comments the main findings of the project amd giset of recom-

mendations for future work.



Chapter 2

Physiological Monitoring Data

This chapter is a short introduction into the medical aspefthe physiological condition mon-
itoring project. The information presented in the follogiis essential in order to justify the
design choices made for achieving the goal of automatingdalibration stage of the FSLDS.
A more detailed discussion of the topic can be found in [22].

In a neonatal intensive care unit, premature babies arencmisly monitored by a set of
devices placed next to their incubators. These patients Aaxery delicate health condition.
This means that they may be treated for prematurity alongngano other medical problem
than their very short gestation term.

As already stated, the state of health of a baby cannot bevausdirectly, but there are a num-
ber of patterns appearing in the measurements which haligialis formulate an appropriate
diagnosis. More exactly, the medical staff looks at reasliwgich include channels like heart
rate, blood pressure or incubator humidity and infer whethere is any kind of pathology or
whether everything is evolving normally.

Nevertheless, performing inference is a seriously coratsit task for reasons which fall into
two main categories: reasons due to the baby’s physiologyreasons due to the monitoring
equipment. The main issue in the first category is that hunmgsiplogy is so complex that

the number of factors which can affect it is hard to manageaddition, the baby can dis-

play multiple combinations of physiological events ocgrat the same time. To complicate
things even further, some patterns appear quite frequeviilie others are particulary rare.

At the same time, operating the monitoring equipment capsaislems such as observation
noise and corruption with artifact. A straightforward exaenof the latter is opening the in-

cubator’s doors, which usually produces measurementsimdtbased variance on most of the
observation channels.
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Section 2.1 enumerates some of the most important measotain@nnels. We then show
some intervals of normal variation in a baby’s vital sign$gction 2.2. Examples of common

physiological and artifactual events are presented ini@e2t3.

2.1 The measurement channels

Based on their preliminary beliefs about the physical ctiowliof the baby, clinicians choose
a set of observation channels to be monitored on a secomsgdnnd basis. This means that
it is highly probable for different babies to have recordiran different sets of measurement
channels. In other words, it is common to see that some oflithiead parameters listed in the
following are missing from the data belonging to a certaitige.

The physiological system can be thought of in terms of tha#lypindependent sub-systems:
the respiratory system, the cardiovascular system antiénbregulatory system [22, §2.1.1].
Each of these systems has its associated set of measurdmanets. The most significant of
them are given in the next paragraphs.

The respiratory system is responsible for the transfer obua gases in the blood. The pro-
cesses of oxygen absorption and carbon dioxide dispersionld be familiar even to non-
medical staff. In order to monitor these processes a traaseaus probe measures the partial
pressure oD, (TcPG) and the partial pressure 60, (TcPCQ). At the same time, a pulse
oximeter measures th@, saturation in the arterial blood (SO).

The flow of blood through the body is controlled by the cardssular system. This is tra-
ditionally monitored by obtaining heart rate (HR) measuzata from an electrocardiogram.
In addition, a pressure transducer records the evolutidgheoblood pressure on two different
channels. When the heart is contracting, the first one aclatesuthe systolic blood pressure
(BS); when the heart is resting, the second one accumulsgetidstolic blood pressure (BD).

The thermoregulatory system does the job of keeping the labdn adequate temperature.
This is monitored by two channels: core temperature (TC)pngbheral temperature (TP).

Along with this set of physiological measurements, cliai also need to know that the en-
vironment inside the incubator functions in normal pararget Two observation channels are
allocated for the task: incubator temperature (Incu.Ampeand incubator humidity (Incu.Air
Humidity).
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2.2 Normal variation

Being asleep and motionless for most of the time, prematone babies usually have a stable
health condition. By a stable condition, we understand egdehat does not display any kind
of pathology or other types of physiological events (sed segtion for examples). However,
the fact the baby is in a stable condition does not rule outettistence of other long-term
health problems [22, §2.2]. We classify an interval of mariitg data as normal if the baby
is in a stable condition and none of the channels is corruptedrtifact (see next section
for examples). One should bear in mind the point that suchrimgbés well described by
low variation in the measurement channels. (Also note thahoels like heart rate or blood
pressures inherently have a much higher variability thaamobkls such as temperature.)
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Figure 2.1: Intervals of annotated normality on channels monitoring the cardiovascular system
for two different babies (left column - Baby 10 and right column - Baby 13). Heart rate mea-
surements clearly follow dissimilar patterns, while blood pressure measurements vary around

baseline signals located at distinct levels.

In the introductory chapter of this dissertation we hightegl the fact that different babies have
different normal dynamics. From the medical’s staff poifwiew, the fact that each baby has a
specific physiology is a perfectly reasonable assumptioorellver, a simple visual inspection
reveals that “low variation” is merely a general formulatifor describing normality that fails
to capture the particularities of the dynamics of the obastgsm channels.
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Focusing only on the channels associated with the cardiolassystem, Figure 2Ishows
the differences in normality between two distinct babiese Tmportance of these differences
increases significantly when the FSLDS model needs to cargais of autoregressive coeffi-
cients from intervals of normality on each channel (see @Ghag).

200
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50 L L L L L L L L
0 100 200 300 400 500 600 700 800
Time (sec)

200

HR (bpm)

50 L L L L L
0 100 200 300 400 500 600 700 800

Time (sec)

Figure 2.2: Two instances of bradycardia: in the upper plot (Baby 1) starting around t = 625and
in the lower plot (Baby 7) starting around t = 175 Notice 2 other possible bradycardia events
in the upper plot starting around t = 125and t = 875 The annotator considered these are not

significant enough to be (binary) classified as bradycardia.

2.3 Physiological and Artifactual events

This section illustrates the physiological and artifatiexents we plan to uncover by doing
inference in the auto-calibrated FSLDS.

e Bradycardia is physiological event characterized by a temporary dranénheart rate
measurements. It can have a large variety of causes, butlraftthem are of serious
concern for the clinicians ([22, §2.4.1]). A couple of exdespare shown in Figure 2.2.
As all other labelings in this project, the annotation faadycardia is a binary one (pres-
ence or absence). The shortcoming of this approach is thed th no way to quantify
uncertainty in labeling; this becomes problematic in gitues like the one in the upper
plot of Figure 2.2.

1For personal data protection reasons, the names of thesbattgieot available. We are using numbers instead.
See Section 4.1 for a more detailed description of the datase
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e Probe disconnectionis a frequent artifactual event related to operating theitoong
equipment. Generally, when a probe is disconnected theurerasnts fall to zero. The
exceptions are the temperature channels which drop to theeti@ture of the environ-
ment. Since temperature probe disconnection will be stlisi¢he following chapters,
we show a couple of examples in Figure 2.3.

TC (°C)
Incu.Air Temp (C)

1 1 1 1 1 1 1
200 400 600 800 1000 1200 1400 1600 1800
Time (sec)

39
38

TC (°C)
Incu.Air Temp (C)

31 I I I I I I I I I
0 200 400 600 800 1000 1200 1400 1600 1800

Time (sec)

Figure 2.3: Two instances of temperature probe disconnection (Baby 4 - upper plot and Baby
14 - lower plot). Incubator temperature measurements are shown in dashed lines. Core tem-
perature measurements below the incubator temperature are likely to be caused by placing the

core probe near the incubator doors.

e Periodically taking dlood sampleis another artifactual event. The procedure causes the
emergence of an artifactual ramp in the blood pressure measmts (see Figure 2.4).
Moreover, if the heart rate is also computed from the pressensor, readings will cease
for the duration of the blood sampling event [22, §2.3.2].

e A common artifactual event igpening the incubator'sdoors. This is caused by various
medical procedures that need to be performed on the pabeming this operation, we
usually see an increased variance in the physiological uneaent channels. At the
same time the incubator’s temperature and humidity slowjyst to room values (see
Figure 2.5 for examples).

It must be clearly stated that the number of different eventauch larger than the one pre-
sented so far in this chapter. Other events worth mentiomnolyde transcutaneous probe
recalibration (artifactual), desaturation, or pneumaidaboth physiological) [22]. Trying to

model all of them appears to be an infeasible task, sincainezbmbinations of events might
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Figure 2.4: Two instances of blood sampling events (left column - Baby 5 and right column -
Baby 10). Note that the events have not only different length, but also the relationship between
the median value of the channel and the extreme values on the ramps is hard to define. In both

cases, heart rate readings cease during the procedure.
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Figure 2.5: Two examples of opening the incubator doors (left column - Baby 13 and right
column - Baby 8). In the left panel, we notice that the incubator was opened for taking a blood
sample. In the second case, an unspecific pattern appears on the heart rate measurement

when the incubator’s doors are unclosed.
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Table 2.1: A list of known physiological and artifactual events and the channels they can influ-

ence
Known event Dependant measurement channels
Incubator Open HR, BS, BD, SO, TC, Incu. Air Temp, Incu. Airrhidity
Blood Sample HR, BS, BD
Bradycardia HR
Temp Probe Disconnect TC, Incu. Air Temp
Transcutaneous Probe Recal TePTcPCQO

even trigger patterns that have never been previously seapécific babies. An elegant solu-
tion called the X-factor is proposed in [24, 22] and will béefliy discussed in the next chapter.

In the conclusion of this section, we are able to produce ansamy as Table 2.1. The table
answers the following questiofiFor each analysed physiological or artifactual event, whi
are the measurement channels that are influenced by its wree?”. This information will
prove to be important for the design of the classifiers in Graf.



Chapter 3

Background

After presenting the physiological monitoring data in theyious chapter, we are now able to
discuss the probabilistic dynamical model developed fercbndition monitoring application.
The first part of the chapter has a more theoretical flavorjsootandatory for understanding
the remainder. We will also highlight the elegant manner licl the FSLDS manages to
handle the particularities of the baby monitoring problem.

Section 3.1 presents the most important principles frompttesious work on probabilistic
dynamical models. We discuss autoregressive processestataespace models together with
generalizations of the latter. In Section 3.2, we show haevtoblem of neonatal condition
monitoring is modeled by the Factorial Switching Linear Rgmical System (FSLDS) and
what the main assumptions are. Training the FSLDS is thelaigqul, with a special accent on
the calibration stage. In the final part of the chapter, wdysthe inference problem, focusing
on a method called the Gaussian sum approximation.

3.1 Previous work on probabilistic dynamical models

The most relevant theoretical concepts the FSLDS reliesrer@efly described in the fol-
lowing. We begin by showing the ideas behind autoregregsiveesses and continue with
the state-space model and its generalizations. Some iampardtions like switching and fac-
torization are introduced. The intractability of exacterdnce in the generalizations of the
state-space model is also discussed.

Autoregressive processes

The best known method to model a time series is probably ttwregressive process [4, 84].
In its simplest form, the autoregressive procesR(f)) assumes that the current observation is

11
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given by a weighted average of the observationg pitevious time steps plus Gaussian noise.
If we denote the observation sequenceyhythen at any timeé we have:

p
Ye—H=) Ok(Ye—k— M)+t (3.1)
k=1

wherep is the mean of the process andis a zero-mean Gaussian noise with variaage If
the process is also assumed to be stationary, the solutiiveis by the Yule-Walker equations.
These are a set of linear equations relating the AR coeftiiap to the sample autocorrelation
coefficients (for details see [4, §3.4.4]).

Popular generalizations of th&R(p) process are the autoregressive moving average model
(ARMA(p,q) - when the observation also depends on a weighted sum of tise fromq
previous time steps) and the autoregressive integratednmaverage ARIMA(p,d,q) - an
ARMA(p,q) model applied to the signal after differentiatinglitimes). Note that th&ARIMA
model is dedicated to non-stationary time series. The géra@proach is to assume that
differencing for an appropriate number of times producesatiomary signal [4, 84.5]. An
ARMA model may now be fitted to the differenced data. For instadiféerentiating an
ARIMA(p,d,0) procesdl times results into &R(p) process that can be learnt using the Yule-
Walker equations.

State-space models

In machine learning, a common model for time series is a aye+led directed acyclic graph
(DAG), generically referred to as the state-space modeM(dS]. For each variable in the

observed layer there is a corresponding state variablesihittden layer, which is a first order
Markov chain. There are two key conditional independenogiieties that hold in SSMs: (a)

the current observation is independent of all other obsens given the current state and (b)
the past and future states are independent given the cstetat

Two special cases of SSMs have been extensively studiedirtear Dynamical System (LDS)
[7, 3]%, where all the variables are Gaussian and the Hidden MarkodeM(HMM) [25, 3],
where the hidden variables are discrete. The HMM has beeslywégplied in speech recogni-
tion applications. However, in the following we will only pbore the LDS, since it constitutes
the foundation of the condition monitoring application.

The LDS was developed in order to offer an elegant answeretdalfowing question:“How
can one measure an unknown non-constant quantity usingsy sensor?’ The importance
of this solution is tremendous considering today’s greaiewa of devices which rely on data

1The Linear Dynamical System (LDS) is also referred to as therién Filter (KF). For clarity reasons, only
the first naming will be used throughout this dissertation.



Chapter 3. Background 13

coming from their sensors. We now briefly show the theory Wiigpports the LDS. If one de-
notes the hidden states Ryt = 1,2,.., T then the following linear and time invariant equation
describes the dynamics of the system:

Xt = AXt_1 + W (3.2)

whereA is a square matrix called the dynamics matrix anddenotes the Gaussian noise,
w; ~ N(0,Q). The observationsy;, t = 1,2,..,T, are also governed by a linear and time

invariant equation:

Vi = Cxe+ Wt (3.3)

whereC is the observation matrix and is the Gaussian observation noise~ N(O,R). A
corresponding directed acyclic graph (DAG) is shown in FégB.1 (upper-left corner). The
factorization of the complete-data probability distributis:

T

P(X1T,Y11) = P(X1) P(Y1 | X1) er(Xt | Xe-1)P(Y; | %t) (3.4)
t=

I

Figure 3.1: DAGs of various probablisitic models: SSM (upper-left corner), switching dynamics
(upper-right corner), swithching observations (lower-left corner) and Switching SSM (lower-right
coner). Shaded variables are observed; circles represent continuous variables and squares

represent discrete ones.
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Once the model has been built, we can move on to the infererad#@em. In a graphical
probabilistic model, inference is defined as computing ttebdability density distributions of
the hidden variables conditioned on the visible ones. Ibibgervations come from a temporal
sequence of measurements, the following categorizatiatviofy inference can be performed.
When computing posterior probabilities at the current titegiven the observations up to
timet, the inference problem is callditering. In thesmoothingproblem the conditioning is
made on all the available observations, say up to fimé&urthermoreprediction consists of
computing posterior probabilities at timegiven observations up to tinte wheret >t". In
the present project, we have only used filtering distritmgio

In the LDS presented above,pfx; ) is a Gaussian then, at any time step(y; | x) and p(x; |
X;—1) would be Gaussians as well. In this restricted framewor&rgrice can be computed in
closed form using the Kalman filtering (or smoothing) equagi In filtering, we are interested
in computing the mean and variance of the following:

P(Xt | Y11) = N(k, Vi) (3.5)

It can be shown thgt; is computed as the sum of a predicted mean derived directty the
dynamics equation and a weighted correction term derivat the observation at tinte The
weight of the correction term is known as the Kalman gain ixatfor details about inference
in the LDS see either [3, §13.3], or [7]).

Generalizations of the SSM

As the HMM shares a analogous inference algorithm with thé&]ihe parameters of both
models can be trained in a similar fashion using expectatiarimization (EM) [3, §13].
Nevertheless, the assumptions they make about the pritpaliditribution of the data proved
to be too restrictive. In many real-world scenarios it igtfel to think that the observations
are generated by the mixture of a number of hidden processhsrey in parallel. Two of the
ideas that made generalizations of the SSMs possible atehéng and factorization.

The switchingidea [26, 8, 18] implies introducing a discrete variable ¢bedmine the hidden
process responsible for the current observation. For elanmpthe mixture of Kalman filters
model [18] (see Figure 3.1, upper-right) the discrete dwitriableS determines which matrix
At should be used by the dynamics equation at tindote that the switch variable follows a
Markov chain. This model is sometimes referred to as thec®nrig Linear Dynamical System
(SLDS). Another approach is to keep the dynamics equatiwati and time invariant, but to
relax these conditions for the observation equation. Suctodel was proposed in [26] (see
DAG in Figure 3.1, lower-left) and has an interesting mdima. They vectors represent
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sensors, while thg vectors are moving targets that need to be tracked. Sincesamgertain
about which target is detected by any of the sensors, it isilslerto build aC matrix for each
existing possibility.

Factorizationrefers to transforming a discrete state variable into ascpyeduct of factors,
each linked to an a priori independent hidden process. Iar€i§.1, lower-right, we give
the DAG of the Factorial Hidden Markov Model (FHMM) [9], a meldhat uses the idea of
factorization to generalize the HMM. The FHMM shares the sammplete-data probability
distribution as the HMM:

;
P(S1T,Y171) = P(S1)P(Y1 | S1) er(St |S-1)p(Y: | S) (3.6)
t=

However, this time each state varialdes represented as the cross product of a set of discrete
state variables (i.e. has a factorised representation):

s=9"04"2..ag" (3.7)

Each of theséM state variables can take onelof™ values. It is also natural to consider that
each of them evolves a priori independently of the others:

M
SEIDES IECHIED (3.8)

The particularity of the FHMM, is that at any time steghe observation depends on all state
variables. For instance, if the observed probability dhation is a Gaussian, then its mean
may be a linear combination with weights given by the stafeaheM discrete variables. The
model has been successfully used for modeling a collecfiomusical pieces in [9].

In contrast to the basic SSMs (LDSs and HMMSs), performingcekderence in all the gener-
alizations presented above is computationally intraetgbd]. Theoretically, the same type of
recursive equations can be applied, but this requires kgdpmck of a number of terms which
grows exponentially with the number of time steps in the ys&d sequence. The reason for
this exponential growth is that all possible switch setinged to be taken into account.

Luckily, approximate inference methods have been formedl@ order to obtain tractability.
Variational inference [9, 8], Gaussian sum approximatijdnd8, 12, 2] or Rao-Blackwellised
particle filtering [17] are probably the most important dimns so far. The main idea behind
variational inference is to optimize the parameters of gomcomputationally tractable dis-
tribution that approximates the computationally intrééteoriginal distribution [16, 833]. The
parameter optimization is done by minimizing the Kullbdakbler divergence between the
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approximated and the original distributions. The key of &dan sum approximation is to
keep the number of terms needed at each time step constanwilWeturn to this method
in the following section. Rao-Blackwellised particle fiitey is a sampling based procedure
whose primary advantage is speed.

3.2 The Factorial Switching Linear Dynamical System

In the previous section, we have seen that one major distayauof the probabilistic dynami-

cal models discussed was their lack of flexibility. We hawearesented two solutions, switch-
ing and factorization, also noting that they come at the absbmputationally intractable exact
inference. The Factorial Switching Linear Dynamical Sys{&SLDS) [27, 22, 24] has been
especially designed to address this lack of flexibility. Tinedel has proved its ability to pro-

duce accurate inferences in the baby monitoring applieatio

As hinted in Chapter 2, there are a number of assumptionsricalgke in order to build a model
for the condition monitoring task [22]. First, it is considd that each baby has its own normal
dynamics. Furthermore, we assume that normality has astayi behavior for each baby.
Another assumption is that the dynamics of the known attifglcor physiological events is
independent of the patient. For instance, we presume thialibald sampling events share the
same dynamics irrespective of the baby.

In the following, we will discuss how the FSLDS solves the gibjogical condition monitoring
task. We begin by giving the structure of the model. Thenniing the FSLDS is explained
emphasizing the importance of the calibration stage. Iretigkof the section, we show how
inference is done utilizing the model.

3.2.1 The structure of the FSLDS

The FSLDS cleverly combines both switching and factororaideas with the advantages of
autoregressive processes to model baby monitoring. Inrdlaitional Switching Linear Dy-
namical System (SLDS) [26], the discrete states evolve rdomp to Markovian transition
probabilities,p(s | 5-1), and determine which set of parameters is used by the dysaanit
observation equations at the current time step. The jogttidution of such a model is:

;
P(SLT, X1, Y1) = P(S1) P(X1) P(Y1 | X1,51) rlp(st | s-1)P(% | Xe-1,%)P(Ye [ X, &) (3.9)
t=
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Factor #1 - Artifactual > > >

Factor #2 - Physiological > > >

True State
Artifactual State

Observations

Figure 3.2: The DAG of a FSLDS with 2 factors (one physiological and one artifactual). The
state is divided into dimensions that approximate the "true” physiology and dimensions that ap-
proximate the artifactual patterns. Shaded variables are observed; circles represent continuous

variables and squares represent discrete ones.

However, in applications like physiological condition nitoning there is a large number of
factors influencing the dynamics of the system. In fact, thiem of all the distinct artifactual
or physiological events forms the set of factors. We haveaaly seen in Chapter 2 that even
enumerating the possible events is a challenging (or evenssible) task. Moreover, in the
SLDS model above we would need a switch variable that caraskeany values as the number
of distinct combinations of factor settings. Since this Wdduave made inference awfully slow,
the solution was to use a factorized representation of thielswariable. If all those discrete
factors are assumed to be a priori independent, the tramgitobabilities can be written as:

p(s [s-1) = |'|p 1) (3.10)

There is also an interesting interpretation for the digcfattors and continuous hidden states
in the FSLDS model for baby monitoring (see Figure 3.2). &@ctan be either linked to
the physiology of the patient (e.g. bradycardia) or to actif(e.g. incubator open, blood
sample). At the same time, the continuous hidden state dilmes can be either associated
with the true values of the channels or with artifact. Alstenihat artifactual factors can affect
only artifactual states. It is important to keep track of #néifact too, because this allows an
inspection of its patterns.

The previous paragraph has hinted a valuable represerdhtboice that is permitted by the
structure of the FSLDS. For each of the measurement charthefe is precisely one visible
dimension in the observation vector at tilpg;, and there are one or more hidden continuous
state dimensions in the state vector at time,. The goal is to increase the capability of the
system to keep track of the “true” physiological signalsadidition, the dynamics matrices,
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and dynamics noise matrice&3, are chosen to have a “block diagonal” structure [24]. Téies i
great advantage, since we have seen that the set of availa#evation channels usually varies
from baby to baby. Further benefits of this representatidhswiface in the next paragraphs,
where training of the FSLDS is discussed.

3.2.2 Training the FSLDS. The calibration stage

Learning in the FSLDS model is facilitated by the fact that jpé the regimes in the data can
be interpreted. In other words, annotated intervals faiouarknown factors (e.g. bradycardia,
incubator open) are available. The benefit is that when tiaeni switch state is known, we can
condition on it, making learning equivalent to the one ingutar LDS. If the annotated data
hadn’t been available, the entire FSLDS could have beemetdby EM, in a similar fashion to
the training of the switching models described in the presisection.

Furthermore, having labeled data allows us to learn theitian probabilities just by counting
the number of transitions from one state to the other. In,[@2] assumption that transitions are
allowed only between normality and any other factor is alsedufor the purpose of reducing
computational expense.

For the moment, training the full switching system has besgluced to training a simple LDS

for each switch setting. The question now is if it is sensiblelo a separate training for each
possible switch setting. The answer given in [24] is no. Hligsays the case that some factors
“overwrite” others. For example, if an instance of bradyiaroccurs while a blood sample is

taken from the baby (and consequently the heart rate remdiisnge ceased), we would not be
to detect it. In addition, normality is overwritten by anyet factor and a dropout (i.e. a factor
for the probe disconnection event) overwrites everythisg.e

Table 3.1 structures the overwriting ordering for the festand channels used in this MSc
project. The list of factors includes a dropout factor, fenown factors (Blood Sample, In-
cubator Open, Temperature Probe Disconnection and Brediggaa factor for Normality and
one for Abnormality. Since it is hard to manage all possiblengs that may occur in the
physiological condition monitoring problem, the solutiproposed in [22] was to use a factor
generically called "Abnormal” or the "X-factor”. This faat is supposed to handle every devia-
tion from normality other than the ones modeled by the knavetdrs enumerated above. Note
that the Abnormal factor can affect all the measurementretlanincluding the ones which are
not directly related to the baby’s physiology like the inatdr's temperature.

Once we have established the general framework, we contiitheexplaining the training
procedure for the LDSs obtained by conditioning on the gwétettings.
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Table 3.1: Overwriting ordering for 7 factors on 7 channels of interest for this project. A factor

placed higher on the list overwrites a factor a with lower position.

HR BS BD SO TC Incu.Air Temp Incu.Air Humidity

Dropout ° ° . . . ° .
Blood Sample e . °
Temp Probe Dis ° °
Incubator Open e . ° ° ° ° °
Bradycardia °
Abnormal ° ° ° ° ° ° °
Normal . . ° ° ° ° °

We begin by analyzing the dynamics under the normal regineehfiically, normality corre-
sponds to the LDS obtained when all the other factors areldiis stage of learning is called
calibration and needs to be performed for each baby. In fact we would naibleto pro-
duce accurate inferences about a certain baby’s condititassi wecalibratethe FSLDS using
an interval of normality from that baby. Calibration is doseparately on each observation

channel,

The dynamics parameters for all the observation channelslaained from training autore-
gressive processes. The parameters may be further tuneM mpéates. Since the channels
are inherently different, the types of processes to besteineakch of them are also different.
For measurements like heart rate (HR) or blood pressureaifB8D), the modeling approach
was to consider that the observations are the sum of a slavdiufiting baselindy, and a high
frequency signabg [24, V.C]. In terms of AR processes, we might havefdR(p;) signal and
anAR(py) baseline:

X — by ~ N(S R 0%k — br—i),N1),

(3.11)
br ~ N(3¢21 Bkbr K, N2)

wheren; andn; are the noise variances. For example, appropriate chaicghd heart rate
(HR) channel are using aAR(2) signal and arARIMA(1,1,0) baseline. The corresponding
state-space representation for the HR channel is:

Xt a; A2 1—(}1 —02
_ 1 O 0 0

xHR— [ X1 [ AHR_ (3.12)
by 0 0 B B2
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n+nz 0 0 O
0 0 0 O
Q= T c*®~(1 0 0 0) (3.13)
2
0 0 0 O

where we keep the usual LDS notation, but have addeH Bsuperscript to indicate that those
are only the blocks corresponding to HR measurements artti@athole matrices used by the
model. The oxygen saturation (SO) and the incubator’s hitynjohcu.Air Humidity) are well
modeled by directly fittindAR(1) processes. AARIMA(1,1,0) model is used for each of the
temperature channels (TC and Incu.Air Temp). Summing upmhAin application presented
in Chapter 4 and evaluated in Section 5.2 uses 7 observatemels which are represented
by 18 hidden “true” state dimensions.

After training normality, we can use this information toiasfearning dynamics under known
factors. Some of these factors (e.g. blood sampling) areceded with extra “artifactual”
hidden state dimensions. As mentioned before, they all@vstrstem to keep track of the
patterns that appear under artifact. Counting these sedgetts into a total of 23 hidden state
dimensions for our application. The details of learningatyics under known factors are given
in [22, 24] and will not be referred to in this dissertation.

3.2.3 Inference in the FSLDS

We have previously enumerated three methods of doing ajppate inference in the gener-
alizations of the SSM. For the FSLDS, filtering has been peréal for both Gaussian sum
approximation and Rao-Blackwellized patrticle filterin?]2 Since the results of the former
have been better, we will only use this method in the autiycalon tests.

The Gaussian sum approximation we have employed has begosgain [18]. At every time
step, we are interested in the following values

)ftj\t =EX | Y11, S = ]]
th\t =CovXt [ Y11, S = |] (3.14)
My () = Pr[S = J | V1]

where a subscript notation of typgt,, means computing the statistic at titgebased on the
sequence of measurementsti. :

The main idea of the method is to keep at any time step a cdnstamber of terms, equal to
the number of states. If the system Msstates, then propagating the Kalman equations one
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step forward producedl? terms of the form:

)figg)l\t+1 =EX1|Y11411, 841 = 1,8 =1]
V;(J:)lnﬂ = CoV{X¢41 | Y1141, 841 = 1,8 = i] (3.15)
Mirapsa(is J) = PriSi1= 1,8 =1 Y1144]

where the notation( j) indicates that the state at the current momengisd that at the previous
moment the state was A collapsing procedure is now applied to reduce the numbtarms

back toM. This simple method is calladoment matching/Ve just fix j, pick Xi(—g)l\t+l’vi$)l|t+l

andMg1y44(i, j) for all M values ofi and compute the unconditional momew@lwrl and

i
Vt+l|t+1'

Gaussian to the original distribution in terms of Kullbaogibler divergence [13].

It can be shown that a Gaussian distribution having thesments is the nearest
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Building Classifiers

This chapter explains our solutions for automating thebcalion stage required by the FSLDS
for physiological condition monitoring. As detailed in tipeevious chapter, the calibration
stage consists of training the parameters correspondimprimal dynamics. In order to do
this, an interval that correctly reflects this regime needset found for each baby. In Chapter
2, we have defined normal variation as a period satisfyingctiteria: (a) the baby is in a stable
condition (i.e. there is no evidence of any kind of pathologpf other types of physiological
events) and (b) all the analysed measurement channelseareffartifact. Our primary goal is
to automatically find such an interval.

The general approach we took for solving the auto-calibnatask was to build a binary clas-
sifier able to predict whether a period of monitoring dataosmal or not. For convenience, we
will now define the Non-Normal class which will contain alktintervals that are not nornial

Section 4.1 shows the main results of the exploratory deddysis undertaken. The next part,
Section 4.2, explains how we combine the existing labeliitg alinical knowledge in order to
obtain a detailed problem formulation for our task. Sectid® discusses various approaches
for doing feature selection. The final section of the chaptet, explains how we have chosen
our classifiers and how we set up the tests in accordance tutity of data on hand.

4.1 Exploratory Data Analysis

While Chapter 2 has analysed the physiological monitoriagrdrom a medical perspective,
the current section does the same thing from a data minirgppetive.

1in this project, Abnormal and Non-Normal are different terthat should not be confused. Abnormal is the
class that contains all physiological or artifactual egasther than the ones for which we have explicit annotations.

22
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Table 4.1: Summary statistics of the incidence of various factors computed for the 360 hours of

monitoring data on hand

Number of  Total  Avg. Duration Std. Dev. centile 97 centile

Incidences Duration (sec) (sec) (sec) (sec)
Incubator Open 689 41 hrs 214 341 40 847
Bradycardia 272 161 min 36 21 8 76
Blood Sample 91 251 min 166 79 44 321
Temp Probe Dis 86 572 min 399 626 22 2615
Abnormal 726 37 hrs 185 300 9 736

The dataset consists of 24 hours recordings taken fromriifpeemature born babies at Edin-
burgh Royal Infirmary. All the 360 hours of monitoring datdle used in our experiments.

The babies were around 24 to 29 weeks gestation and aged ldtmy&6ost-natal (However,

this kind of information is available for only thirteen ofdlpatients.). Manually made expert
annotations are available for five known factors (Bradyieamlood Sample, Incubator Open,
Temperature Probe Disconnection and Transcutaneous Remadibration) and for the Abnor-

mal factor [24]. Asin [22, 24], due to the scarcity of exangilethe dataset we will not use the
Transcutaneous Probe Recalibration factor in any of tHeviihg experiments. In addition,

one period of Normal data is highlighted for each baby. Theesefully chosen intervals have
been used up to now to “manually” calibrate the FSLDS.

The data has been recorded on a second-by-second basisea® tf measurement channels
varies from baby to baby. The motivation is that accordinth&r doubts about the health con-
dition of each baby, the medical staff decide which chansk&ild be monitored. Dropouts
can appear on all the observation channels evaluated inrtjecpand there is no specific
annotation for them. However, they can be easily detected toyial inspection of the data.
A sequence of zeros on any channel other than temperatuisureezents indicates a dropout
on that channel. For temperature channels the dropout i&i2@°C. We will return to the
problem of handling dropouts in Section 4.4. It is also int@oer to mention that we will be
working with an already preprocessed version of the datgprBcessing consisted in smooth-
ing the incubator humidity measurement, a procedure neegdedder to correctly train the
autoregressive process for this channel AB(1)).

Table 4.1 presents a few significant statistics about oar. d@unting the number of incidences
of each factor, we notice that factors such as opening théator and abnormality are far
more frequent than taking a blood sample or a disconnecfidhectemperature probes. We
also note that the mean durations of the various events dte djfferent as well. A much
more important information is revealed by inspecting ttedard deviations and thé3and
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97" centiles. Although artifactual events always respect #meespatterns, there is a great deal
of variability in their duration. The consequence is thatfisature extraction task (Section 4.3)
becomes more challenging.

We also know that a period for which there are no annotatisreitomatically considered a
period of normality. Thus we can compute the total duratibnasmality in our data, which
is 283 hours (79% of the total 360 hours). Note that this cdatfmn cannot be performed by
summing up the total durations of the factors in Table 44¢esithere is a significant overlap
between factors.

The original plan was to use another dataset of physiolbgicaitoring measurements, called
Neonate [5], for validation purposes. It consists of 83 meament sequences recorded from
sixteen premature infants for a total of around 363 hours @fitoring data. However, major
problems such as a fairly different set of observation cenand annotations available only
for normality prevented us from using the Neonate data mphbject.

4.2 Finding an appropriate problem formulation

This section is dedicated to explaining the most importasigh choices made for building
the auto-calibrated inference system. We will begin witbbbems related to the proper length
of the intervals we want to classify. A special accent is thixted on creating a more useful
labeling for our task. This is also closely related to pickihe appropriate set of measure-
ment channels. In the final part of the section we assess feFistity of a channel-based
classification to an interval-based one.

4.2.1 Chopping the data

Since the objective is to extract some periods of normalitynf continuously recorded data,
we have to begin by choosing an appropriate length for thresevals. Given that there are no
scientific grounds to opt for sections of variable length,clvese to utilise only fixed length in-
tervals. Moreover, for simplicity, no overlapping is petted between the intervals. However,
this approach has its unavoidable disadvantages. Sincedhsurements are literally chopped,
we often split the continuous events between different flgedth intervals. The effect is that
the quantity of information provided by the event’s pattierseriously limited in such cases.

The proper choice for the duration of an interval is anotlsgreat that needs to be discussed.
The ideal length has two satisfy to conflicting requiremersst, the period should be long
enough for the purpose of having autoregressive coeffemrturately reflecting the channels’
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Table 4.2: The channels of interest and the factors that can influence them

Channel “Governing” factor

HR Bradycardia, BloodSample, IncubatorOpen, Abnormal
BS BloodSample, IncubatorOpen, Abnormal
BD BloodSample, IncubatorOpen, Abnormal
SO IncubatorOpen, Abnormal
TC Temp Probe Dis, IncubatorOpen, Abnormal

Incu. Air Humidity IncubatorOpen, Abnormal

Incu. Air Temp Temp Probe Dis, IncubatorOpen, Abnormal

dynamics. Second, utilizing longer intervals also meaasttie chance of finding such periods
free of artifact severely decreases. The fifteen annotatethhil intervals have extents varying
between 15 and 40 minutes, with an average of approximagliyni@utes. Furthermore, the
(weighted) average of an event’s duration is around 3 m@uteutting all this information

together, choosing a length of 15 minutes (i.e. 900 sec@watns to be a reasonable choice.

4.2.2 Factors and Channels

Examining our annotations, we have concluded that we carausest four known factors
(Bradycardia, Blood Sample, Incubator Open and Temper&twbe Disconnection) to assess
the performance of the FSLDS.

We now return to the information summarized in Table 2.1ndlicates for each known fac-
tor, which are the channels influenced by that factor. Inrothards, the table points out the
channels which need to be observed in order to infer the pceser absence of the known
factor. Consequently, consider the union of all the chanoetresponding to the four factors
of interest:

{HR, BS, BD, SO, TC, Incu.Air Humidity, Incu.Air Ten}p

This set is the necessary and sufficient set of channelsébdtto be observed in order to set up
a FSLDS capable to infer the four discussed factors. Ouimaiigroblem of finding an interval
of normality by looking at all the available channels for d¥yas just reduced to looking at
all the channels enumerated above. Note that this does pdy timat all the channels in the
set above are on hand for all the babies. One may also notténtihoducing an observation
channel not influenced by any factor in the FSLDS will have ffiece on inferences because
of the block diagonal structure of tileandQ matrices (see Section 3.2.2).

Another useful observation is that the set of known factoesplan to infer coincides with
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the set of known factors that can influence the set of chanmelsave just determined. This
is because the fifth available factor, Transcutaneous FRelealibration, cannot affect any of
these observations. However, the Abnormal factor can infleeny channel and must be taken
into account. All this information is summarized by Tabl.4.

4.2.3 Interval-Based vs. Channel-Based Approach

To this point, we have found the set of factors we want to noonpthe seven channels of in-
terest, the five factors (four known plus the Abnormal factbat affect those channels and
the length of intervals. With all this into place, the follmg paragraphs introduce two clas-
sification approaches: a straight forward “interval-bédsgdssification and a more elaborate
“channel-based” classification. We then explain why th@sdapproach was favored.

In an “interval-based” approach, an interval of monitorétaga on all seven channels of interest
is tested for normality. In other words, for a selected kb fifteen minutes we look at all
the channels and make a single prediction referring to atefn. There is also a simple way
to label an interval. If its intersection with any period tkiag the presence of any of the five
factors is the empty set, then the interval is labeled asgbidiormal. On the other hand, if at
least one of the factors has a non-empty intersection witlinderval, it will be assigned to the
Non-Normal class.

The “channel-based” approach does a separate classifi¢datieach channel. In other words,
we predict normality at channel level. For instance, goestilike “Is this period of heart
rate measurements normal or not?are asked. In order to label or data we return to the
information in Table 4.2. For each channel, if an intervedtersection with any period marking
the presence of any of the factors listed in the right coluthe table is the empty set, then
the interval is labeled as being Normal. On the other harat, I¢ast one of the factors on this
list has a non-empty intersection with the interval, it viadl assigned to the Non-Normal class.
In fact, we have broken our classification problem into sesmaller classification problems,
one for each measurement channel.

Our reason for pursuing the “channel-based” approach isithraakes a better use of the
(limited) amount of data on hand. In the first approach, aroitgmt quantity of normal data
is wasted during the labeling procedure. The reason is thatdften the case that during
a fifteen minute period, only a factor not affecting all chelsnis present. According to the
rules above, the interval will be assigned to the NonNornedsc However, let us assume
the factor was bradycardia. Such an event affects only thet hate measurements. From
different point of view, this means that all the other chdsneere evolving normally during

this period. Summing up, we have just lost possibly valuakflermation about normality on
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Table 4.3: The baseline set of features extracted from each channel.

Channel name Extracted features
HR minimum-mean, median, standard deviation
BS maximum-median
BD maximum-median
SO median, median-mean
TC minimum, maximum, standard deviation
Incu.Air Temp median, standard deviation
Incu.Air Humidity median-minimum, standard deviation

these channels.

In the end of this section, we make an essential observationtaour preferred “channel-
based” approach. Note that when active, the Incubator Opémanormal factors may not
affect the whole set of factors they can influence (the ongsngn Table 2.1), but only a subset
of them. Our solution was to look at all available channefetgemaking our predictions, even
if we follow a “channel-based” approach. This aspect wilfbiterated in Section 4.4.

4.3 Feature extraction

It is beyond doubt that extracting good features is an eisgeatjuirement for the success of
any classification problem. For auto-calibration taskehane two main difficulties that need
to be dealt with.

First, we are working with time series and rely on annotatisignaling occurrences of a num-
ber of events. Since there is no way to control the distrirudf those events in time, we do
not know when they might start or end in our selected fifteemute! intervals. Even worse, by
“chopping” the monitoring data into fixed length sectiong have often strongly altered the
factors’ patterns.

Second, there is a significant amount of variability in théégras of the known factors. Ta-
ble 4.1 provides strong evidence with respect to the digith of events’ duration. In addition,
other sources of variablity are the magnitude of the evesds the examples of Bradycardia
in Figure 2.2) or the correspondence between the mediae wdlnormality and the levels of
artifactual measurements (see the examples of Blood Samplgure 2.4).

Ouir first efforts were directed to building a baseline setattires for each channel. The results
of this process are summed up in Table 4.3 and will be clarifedw.
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Normal heart rate (HR) measurements usually display a lopliade high frequency fluctu-
ation around a slowly changing baseline. An event affedtiig) channel will generally result
into a higher variance, so we picked the standard deviasanfaature. The level of the base-
line heart rate signal is captured by the median featurerdardo detect bradycardia, we have
chosen to record the difference between the minimum andgeeralues of the observations.
The most common event influencing blood pressure measuter(i@8 and BD) is taking a
blood sample. The difference between the maximum and mediaes of these channels has
been experimentally found to capture such variations. Mygen saturation (SO) channel’'s
dynamics can be recorded by computing the median and treratiife between the median
and the mean of the observations. Moving to the core temperd C) measurements, we
are interested for these values to stay within some acdeplalver and upper limits. Thus
we pick the minimum and maximum values of the channel as featuThe standard devia-
tion also offers valuable information about the baby’s d¢tbod. When the incubator’'s doors
are opened we usually see a drop in the humidity measurerfieotsAir Humidity). Conse-
quently, we keep track of the standard deviation of the cbband of the difference between
the median and minimum values of the channel. A similar ratie is applied for the incubator
temperature channel (Incu.Air Temp).

Apart from this set of features, several other ideas have leeplored. Some of the most

interesting are: using the parameters of an LDS trained @sdlected interval as features and
inputting information like gestation or post-natal agepittie classifiers. These attempts will
be further discussed in the next chapter.

4.4 Classifier setup

This final section of the chapter shows how the available oreasents, newly built labeling
methods and feature extraction procedures are put togatther “channel-based” classification
approach. The option for basic “off-the-shelf” classifierslso justified.

Labels and feature spaces

In Section 4.2.3, we made clear the fact that, even if weiotlee “channel-based” approach,
we still have to look at all the measurements of interest fieeferforming the classification.
It is actually the labeling which crucially differentiatése way we make our predictions for
various channels. In other words, two classifiers corredipgnto different channels might
be working in the same feature space, but will use differefindions for the Normal and

Non-Normal classes. Furthermore, every time we look at amtlethe same features will be
extracted.
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Table 4.4: Summary of data availability for the channels of interest. The right column contains

the list of babies for whom the channel on the left column is unavailable.

Channel name Baby indices

HR -
BS 2,3,6,7,11
BD 2,3,6,7,11
SO -
TC -

Incu. Air Temp -
Incu. Air Humidity 11,15

Handling missing data

We now compare our data with the set of seven observatiomelgof interest determined in

Section 4.2.2. Unfortunately, we have to face the problean ttiere are babies for whom we
do not have all these measurements on hand. The problerhatioels are shown in Table 4.4.
Our solution was to always input as much information as jpdesénto our classifiers. Theoret-

ically, we are making a Missing at Random (MAR) [15] kind ofamption about the absent
measurement channels. However, this means we will havaitodeparate classifiers that work
on different feature sets. Inspecting Table 4.4, we corcthdt for the baseline set of features
there are four types of classifiers. An inconvenience ofgblsation is that the amount of data
available to test and train classifiers is reduced, espedétalbabies that have all the channels
on hand (i.e. babies 1, 4,5, 8,9, 10,12, 13 and 14).

Handling dropouts

Considering the manner in which we have chosen our (ba3aletef features, dropout mea-
surements may raise serious problems. However, as hinteedition 4.1, they can be trivially
detected. Since we clearly don’t want to calibrate the FSIBI&g an interval that contains
dropouts, we will dispose of periods containing such artifeom the very beginning. Alter-
natively, we could have used numerical interpolation tmalate some of the shorter dropout
sections.

“Off-the-shelf” classifiers

The classifiers employed for the task were logistic regoesdilaive Bayes and decision trees.
These choices are mainly motivated by the simplicity, theeganterpretation of results and
the reduced number of parameters associated with thessfielass Furthermore, due to the
amount of data on hand, we concluded that we could not affeepikg a separate validation
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set.

Logistic regressioris a probabilistic discriminative linear classification deb [3, 8§4.3]. In
our work we have used only the binary classification modeickvimplies using the logistic
sigmoid functiong. If the two classes are denotegdandcg (notations according to the values
of the targets: 1 and 0 respectively), then the idea is to htbdegposterior probability of class
C1 as:

p(c1] %) = o(b+w'g(x)) (4.1)

where@(x) is a vector of basis functions (in our implementatigix) = x). In the maximum
likelihood approach, the optimization of the parameter{&etb}, cannot be performed explic-
itly [3, 84.3.2]. Arecommended solution is the IterativenRgghted Least Squares Algorithm
(IRLS) [3, 84.3.3]. Furthermore, convergence guarantiegiaen by the quadratic form of the
error function.

We have also run comparative tests with the Bayesian versidogistic regression. Since
exact Bayesian inference is intractable [3, 84.5], we airegus Laplace approximation for the
posterior distribution over the parameter set. The Lapimg@oximation is a Gaussian with
mean given by the MAP solution and covariance equal to theature of the Hessian also
computed at the MAP solution. We will sample parameter gets fthis Gaussian and then
average the predictions over these samples.

Naive Bayesis a generative probabilistic model. The key simplifyings@sption of this
method is that, given a class label, all the attributes araliionally independent. For the
present binary classification task, we have used the binafisigibution to model prior class
probabilities and univariate Gaussians for each of thébates. Thus, each of the two class
conditional probability distributions is written as a puad of Gaussians.

Decision treesare a very intuitive class of discriminative probabilisttiodels. They create
a tree by recursively partitioning the feature space in potdenaximize a class purity score.
The size of this tree is a very important measure of model ¢exitp. Various tree building
algorithms have been developed, but in this project we aireyws method relying on the
entropy criterion, C4.5. The entropy criterion [11, 810iBHs a split such that the average
entropy computed from the two resulting branches is mindéahiz

In order to avoid over-fitting, all the experiments in the helxapter are performed in a 3-fold
cross-validation setting. For each of the three tests, &el are used for training and the
remaining five are left for testing. More precisely, the thtest sets are: babies 11 : 15, babies
1:5and babies 6 : 10.
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Due to the complication of needing classifiers trained ofedéht sets of features, the number
of classifiers to be trained will be different than three etitte we perform a cross-validation

test on a certain channel. For instance, to perform a 3-faddsevalidation test for the heart

rate (HR) channel we will train seven classifiers. This canheeked by returning to Table 4.4.

Let us consider our first fold having the test set consistirgabies 11 : 15. Because of channel
availability we need one classifier for babies 12 : 14, ond&dny 11 and another one for baby
15, for a total of three classifiers only for this fold. A sianilrationale produces two more
classifiers for each of the other two folds.
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Evaluation

This chapter describes the experiments done in order tesasise performance of the auto-
calibrated FSLDS for neonatal condition monitoring. Wedhdecided that it would be sensible
to separate the evaluation task into two phases. First, vesune the success of the classifiers
built in Chapter 4 and show our results in Section 5.1. Thems@ghase of our analysis
consists of comparing the quality of the inferences produnethe auto-calibrated FSLDS to
the inferences obtained by the manually-calibrated syst€he most relevant results of this
evaluation are given in Section 5.2.

5.1 Evaluating the classifiers

We begin this section by explaining our approach for assgdbie classifiers. As described in
Section 4.4, all the experiments are performed in a 3-fotdswvalidation setting. The main
goal is to find a good set of features together with an appaitgodlassifier.

The quality of our predictions is measured by two criteriasti-we draw Receiver Operating
Characteristics (ROC) curves for each employed classfi&OC curve shows the True Pos-
itive Rate (TPR) as a function of the False Positive Rate (ji-RRen one varies a threshold
applied on the classifier’s outputs [6]. A widely acceptedhnod for comparing classifiers
using ROC curves is to compute the Area Under the ROC curveCjAUhe value of the AUC
is the first criterion, with the observation that the larder better.

However, our primary objective is to extract some intenafl®ormality from the data. This

means that we do not necessarily look for the most accurassification between Normal
and Non-Normal intervals. In other words, it is sufficient floe employed classifiers to deliver
some intervals that we can confidently consider to be tyjicahe Normal dynamics of a baby
and then utilize them to calibrate the FSLDS. This constitemaendorses our second criterion.

32
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We will compare the classifiers based on how well they ansheifdllowing question:*On

a per baby basis, for how many positive instances (i.e. Nbmtarvals) does the classifier
output a posterior probability of belonging to class Norma(c = Normal| x), higher than
the largest posterior of a negative instance (i.e. Non-Nadrimterval)?”. For clarity, we will
call this criterion the Interval Ranking Criterion (IRC).

In the following, we commence by discussing the resultsiobthusing the baseline set of
features (Section 5.1.1) and then we compare those withni® abtained when we have used
other features (Section 5.1.2).

5.1.1 The baseline feature set

In Chapter 4 we have built a baseline set of features prigngeiying on medical considerations
concerning the seven channels of interest. A summary ofseiti€an be found in Table 4.3.
Keeping the features fixed, we now compare the performanteed off-the-shelf classifiers:
logistic regressioh Naive Bayes and a decision tree (G4.5ince the features we are using
display intrinsically different ranges and variancesnirthis point on we will be exclusively
working with standardized data (i.e. zero mean, unit vaednlt is also important to mention
that the decision tree was applied with its default pararsete

Since we have settled on having a different classificatisk far each channel, we naturally
present our results separately as well. We illustrate thimpeance of heart rate classification
in Figure 5.1 and Table 5.1, of systolic blood pressure iflaaton in Figure 5.2 and Table 5.2
and of core temperature classification in Figure 5.3 andeTal8. A summary regarding all
seven channels of interest is given in Table 5.4. Nevertselthe observations made in the
following are valid for all seven classification tasks.

The general conclusion is that logistic regression alwayparyforms the other two methods
on both criteria of comparison. A distinguishing obsematabout logistic regression is that
it has always found, for each baby, at least one positivaniatevith higher posterior proba-
bility of being normal than any negative instance. In angsification problem, it is useful to
understand which attributes are relevant. With logistgression we only have to inspect the
magnitude of the learnt weights for each attribute. Foinse, in the classification of the HR
channel we have discovered that features tike(HR) — mearfHR), standard deviatio(i C)
andstandard deviatiofincu.AirTemp are most relevant. On the other hand, in the classi-
fication of the SO channel features likeandard deviatiofHR) andstandard deviatiofTT C)
proved to be the most significant.

INetlab’s [20, 21] implementation of logistic regressiors baen utilized. The optimization algorithm employed
is IRLS.
2Weka'’s [10] implementation of the C4.5 has been utilized.
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Figure 5.1: Classifying heart rate (HR) intervals - ROC curves for three classifiers.

number of positive instances for each baby is given between brackets.

Table 5.1: Classifying heart rate (HR) intervals - Performance comparison of three classifiers

in terms of: (i) AUC computed for all babies and (ii) IRC computed on a per baby basis; the

Logistic regression Naive Bayes Decision tree (C4.5)
AUC 0.9317 0.9011 0.8605
baby 1 (24 positives) 4 0 0
baby 2 (49 positives) 25 26 6
baby 3 (28 positives) 5 0
baby 4 (16 positives) 0
baby 5 (40 positives) 0
baby 6 (33 positives) 14 6 0
baby 7 (45 positives) 28 10 0
baby 8 (11 positives) 3 3 8
baby 9 (37 positives) 5 13 15
baby 10 (35 positives) 2 7 0
baby 11 (43 positives) 1 7 2
baby 12 (14 positives) 8 7
baby 13 (21 positives) 3 0
baby 14 (31 positives) 19 19 0
baby 15 (23 positives) 5 0 0
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Figure 5.2: Classifying systolic blood pressure (BS) intervals - ROC curves for three classifiers.

Table 5.2: Classifying systolic blood pressure (BS) intervals - Performance comparison of three
classifiers in terms of: (i) AUC computed for all babies and (ii) IRC computed on a per baby
basis; the number of positive instances for each baby is given between brackets. The “-” mark

signals a missing channel for the current baby (i.e. no classification to be made).

Logistic regression Naive Bayes Decision tree (C4.5)
AUC 0.8991 0.8570 0.7392
baby 1 (29 positives) 4 0 0
baby 2 (- positives) - - -

baby 3 (- positives) - - -
baby 4 (8 positives) 1

baby 5 (41 positives) 20 2 2
baby 6 (- positives) - - -

baby 7 (- positives) - - -

baby 8 (15 positives) 5 0 0
baby 9 (39 positives) 4 11

baby 10 (37 positives) 6 4

baby 11 (- positives) - - -
baby 12 (19 positives) 9 6 0
baby 13 (24 positives) 2 2 13
baby 14 (40 positives) 10 11

baby 15 (25 positives) 1 0 0
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Figure 5.3: Classifying core temperature (TC) intervals - ROC curves for three classifiers.

Table 5.3: Classifying core temperature (TC) intervals - Performance comparison of three clas-

sifiers in terms of: (i) AUC computed for all babies and (ii) IRC computed on a per baby basis;

the number of positive instances for each baby is given between brackets.

Logistic regression Naive Bayes Decision tree (C4.5)
AUC 0.8927 0.8406 0.8152

baby 1 (29 positives) 2 0 0
baby 2 (53 positives) 1 1 0
baby 3 (43 positives) 7 1 0
baby 4 (18 positives) 8 1 0
baby 5 (41 positives) 27 1 0
baby 6 (56 positives) 6 5 0
baby 7 (47 positives) 29 20 0
baby 8 (15 positives) 8 6 0
baby 9 (39 positives) 4 15 0
baby 10 (36 positives) 9 6 0
baby 11 (46 positives) 2 14 -
baby 12 (18 positives) 9

baby 13 (24 positives) 3

baby 14 (41 positives) 11 18 15
baby 15 (29 positives) 2 1 0
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Table 5.4: AUC comparison between the three classifiers for all seven channels of interest.

Measurement Channel Logistic regression Naive Bayes Dedise (C4.5)

HR 0.9317 0.9011 0.8605

BS 0.8991 0.8570 0.7392

BD 0.9020 0.8602 0.7252

SO 0.9210 0.9038 0.7989

TC 0.8927 0.8406 0.8152
Incu.Air Humidity 0.8803 0.8457 0.8025
Incu.Air Temp 0.8752 0.8381 0.7769

Table 5.5: Classifying heart rate (HR) intervals - Performance comparison between logistic
regression and Bayesian logistic regression in terms of: (i) AUC computed for all babies and
(ii) IRC computed on a per baby basis; the number of positive instances for each baby is given

between brackets.

ML Logistic regression Bayesian logistic regression

AUC 0.9317 0.9328
baby 1 (24 positives) 4 4
baby 2 (49 positives) 25 29

baby 3 (28 positives)
baby 4 (16 positives)
baby 5 (40 positives)
baby 6 (33 positives) 14 14
baby 7 (45 positives) 28 28
baby 8 (11 positives)

3 3
baby 9 (37 positives) 5 6
baby 10 (35 positives) 2 2
1 1
8 8
3 2

baby 11 (43 positives)
baby 12 (14 positives)
baby 13 (21 positives)
baby 14 (31 positives) 19 18
baby 15 (23 positives) 5 4
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Table 5.6: Classifying diastolic blood pressure (BD) intervals - Performance comparison be-
tween logistic regression and Bayesian logistic regression in terms of: (i) AUC computed for all
babies and (ii) IRC computed on a per baby basis; the number of positive instances for each
baby is given between brackets.The “-” mark signals a missing channel for the current baby (i.e.

no classification to be made).

ML Logistic regression Bayesian logistic regression
AUC 0.9020 0.9032
baby 1 (29 positives) 4 3
baby 2 (- positives) - -

baby 3 (- positives) - -
baby 4 (8 positives) 1 1
baby 5 (41 positives) 20 23
baby 6 (- positives) - -

baby 7 (- positives) - -

baby 8 (15 positives) 5 7
baby 9 (39 positives) 4 4
baby 10 (36 positives) 6 6
baby 11 (- positives) - -
baby 12 (14 positives) 9 9
baby 13 (24 positives) 3 2
baby 14 (41 positives) 9 8
baby 15 (25 positives) 1 1

Naive Bayes offers a somewhat worse performance, cléaniet by the conditional indepen-
dence assumption it places on the attributes. By returminge information in Table 2.1, it is
easy to see that such an assumption is violated. The talgliss &fidence that the channels do
not evolve independently. Subsequently, the features we énracted are not independent as
well.

The decision tree delivers the poorest performance, espeifiwe analyse the second crite-
rion. An explanation is that due to the inherent instabitifthe method, it was usual to have
some negative instances getting a very high posterior pitityaof being normal. Moreover,
no parameter optimization has been performed.

So far it has been demonstrated that logistic regressiomséee be the method of choice
for our classification tasks. We are now interested to deterrifi the Bayesian approach on
logistic regression can outperform the standard methatteSexact inference of the posterior
distribution over the parameters is intractable, we usé.#pdace approximation as introduced
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in Section 4.4. The number of parameter sets sampled from the posteritibdison was
chosen to be 100. Comparative results for classifying trethate intervals are given in
Table 5.5, while for classifying the diastolic blood prassin Table 5.6. The performance
improvement of the Bayesian approach is minimal. In fact,dea’'t give the ROC curves
because they nearly overlap. In this case, we favor the simph-Bayesian logistic regression.

5.1.2 Exploring other features

The variety of choice for tackling the problem of featureragtion is definitely unlimited. This
section discusses two ideas considered to be particukldyant for our task: using the LDS
parameters as features and using information such asigasaaid post-natal age as features.
The experimental results shown in the following are limitedVL logistic regression. The
primary reason is that Naive Bayes and decision trees Héted poorer performance in the
previous section, especially on our IRC criterion.

In order to justify the first idea, an explanation of what weamby LDS parameters is needed.
Calibrating the FSLDS denotes learning the parametersiagsd to the normal regime. In
terms of our model, the normal regime is an LDS obtained byitimming the FSLDS on its
switch variable set to the value corresponding to normaliglibration is precisely the process
of determining the parameters of this LDS. Since gettingghgarameters characterizing nor-
mality is the ultimate goal of our project, the idea is to usen as features. In other words,
feature extraction from a fifteen minute section on each mhlameans training an appropriate
autoregressive process followed by EM updates.

We now apply this idea for heart rate classification. Head raeasurements are modeled as
the sum of a slowly fluctuating baseline and a high frequeigyas. Examining the state-space
representation given by Equations 3.12 and 3.13, we cad thélfollowing feature vector:

<0‘1 az Br B2 Ni+n2 N1 r) (5.1)

wherer is the observation noise. However, there is problem witHydipg logistic regression
with this feature set. Since the relatifp= constant- [3; holds for all intervals and all babies
(see [24, V.C]), after standardizing the data we will get timearly dependant features. This
dependence causes trouble when matrix inversion is peefbriny the iterative reweighted
least squares (IRLS) algorithm employed for finding the Mlugon of logistic regression [3,
§4.3.3]. Our solution was to remofe from the feature set.

3Again, we have used Netlab’s [20, 21] implementation
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Figure 5.4: Classifying HR - ROC curves for three feature sets applied to ML logistic regression.

Table 5.7: Classifying HR - Performance comparison of three sets of features applied to ML
logistic regression in terms of: (i) AUC computed for all babies and (ii) IRC computed on a per

baby basis; the number of positive instances for each baby is given between brackets.

Baseline Baseline + LDS params LDS params

AUC 0.9317 0.9256 0.8049
baby 1 (24 positives) 4 5 0
baby 2 (49 positives) 25 22 2
baby 3 (28 positives) 2
baby 4 (16 positives) 2
baby 5 (40 positives) 0
baby 6 (33 positives) 14 14 4
baby 7 (45 positives) 28 23 0
baby 8 (11 positives) 3 1 0
baby 9 (37 positives) 5 4 0
baby 10 (35 positives) 2 0 1
baby 11 (43 positives) 1 0 3
baby 12 (14 positives) 8 9 6
baby 13 (21 positives) 3 3 0
baby 14 (31 positives) 19 16 3
baby 15 (23 positives) 5 5 4
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Figure 5.5: Classifying BD - ROC curves for three feature sets applied to ML logistic regression.

Table 5.8: Classifying BD - Performance comparison of three sets of features applied to ML
logistic regression in terms of: (i) AUC computed for all babies and (ii) IRC computed on a per
baby basis; the number of positive instances for each baby is given between brackets. The “-”

mark signals a missing channel (i.e. no classification to be made).

Baseline Baseline + LDS params LDS params
AUC 0.9020 0.8999 0.7193
baby 1 (29 positives) 4 4 0
baby 2 (- positives) - - -

baby 3 (- positives) - - -
baby 4 (8 positives) 1 1
baby 5 (41 positives) 20 10

baby 6 (- positives) - - -

baby 7 (- positives)

baby 8 (15 positives) 5 1
baby 9 (39 positives) 4 3
baby 10 (36 positives) 6 6
baby 11 (- positives) - - -
baby 12 (14 positives) 9 9 0
baby 13 (24 positives) 3 2 0
baby 14 (41 positives) 9 6 1
baby 15 (25 positives) 1 0 1
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Table 5.9: Classifying HR - Enhancing the feature set with gestation and post-natal age; com-
parison of ML logistic regression performance in terms of: (i) AUC computed for all babies and
(ii) IRC computed on a per baby basis; the number of positive instances for each baby is given

between brackets.

Baseline Baseline + Gestation + Post-natal age

AUC 0.9317 0.9111

baby 1 (24 positives) 4 5
baby 2 (49 positives) 25 13
baby 3 (28 positives)

baby 4 (16 positives) 5 6
baby 5 (40 positives)

baby 6 (33 positives) 14 13
baby 7 (45 positives) 28 24
baby 8 (11 positives) 3 3
baby 9 (37 positives) 5 7
baby 10 (35 positives) 2 2
baby 11 (43 positives) 1 1
baby 12 (14 positives) 8 9
baby 13 (21 positives) 3 3
baby 14 (31 positives) 19 14
baby 15 (23 positives) 5 5

Heart rate classification results are given in Figure 5.4 Badole 5.7 for logistic regression.
Since the same baseline and signal model is used for theliids#bod pressure, an analogous
experiment on this channel has produced the results shoWwigime 5.5 and Table 5.8. The
general conclusion is that the LDS parameters are not as fgaddres as the ones in the
baseline set for the task of discriminating between the Ndamd Non-Normal intervals. In
fact, when we have used the LDS features as our only featheepdrformance was clearly
worse.

Due to the nature of ML parameter optimization, adding meadtires into a logistic regression
classifier should result into an increased likelihood far ttaining data. However, there are
also issues of over-fitting which might cause inferior perfance on a separate test set. This
is exactly what happened when we have tried to add the LDSymeas to our baseline set
of features (e.g. in the case of HR classification for the Inesset we have a log likelihood

L = —2720Q2, but adding the LDS parameters we get —26935 and a poorer classification;
same for BD with values df = —11867 andL = —11547 respectively).
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Table 5.10: Classifying Incu. Air Humidity - Enhancing the feature set with gestation and post-
natal age; comparison of ML logistic regression performance in terms of: (i) AUC computed for
all babies and (ii) IRC computed on a per baby basis; the number of positive instances for each

baby is given between brackets.

Baseline Baseline + Gestation + Post-natal age

AUC 0.8803 0.8791

baby 1 (29 positives) 2 3
baby 2 (55 positives) 9 10
baby 3 (43 positives) 4

baby 4 (19 positives) 3

baby 5 (42 positives) 17 16
baby 6 (56 positives) 8 8
baby 7 (46 positives) 1 0
baby 8 (15 positives) 2 0
baby 9 (40 positives) 4 5
baby 10 (36 positives) 8 8
baby 11 (- positives) - -
baby 12 (30 positives) 10 9

baby 13 (23 positives) 1
baby 14 (41 positives) 19 15
baby 15 (- positives) - -
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The second idea was to incorporate other existing infoonadibout the baby into our clas-
sifiers. Gestation and post-natal age (i.e. days of life)agedlable for thirteen of the fifteen
babies (missing for babies number 13 and 15). We remainfdidith the approach of using
as much information as possible anytime when we try to ptedeprobability of an interval
being normal. Comparative performance results are giv@alate 5.9 for heart rate classifica-
tion and in Table 5.10 for classifying the incubator hunyidihannel. As expected, the results
are very similar in both cases. Consequently, we don't shimvROC curves because they
severely overlap. In this case, it is useful to look at theghts associated by the logistic re-
gression method to gestation and post-natal age. Compasg to the ones of the attributes
in the baseline set, we saw they have never been amongstdhameones (i.e the ones having
weights with large absolute values), regardless of thesiflad channel or the analysed baby.

In the end of the section, we emphasize the fact that we doewt to fix a threshold in order
to use any of the classifiers above in practice. This is becaxsare not directly interested in
an excellent classification between Normal and Non-Normstbinces on all channels. Since
we just need some Normal intervals for each observed chamaalimply sort the probabilities
for all the intervals corresponding to a baby and pick thektppedictions.

Based on the experiments presented so far, we can safaly ttlat the baseline set of features
we have extracted is an appropriate choice for our classdicdask. In addition, logistic
regression delivers a good performance on this featuresgecially on our tailored criterion,
IRC. Concluding, we pick the classifier consisting of thedbiag set of features and logistic
regression as our choice for the tests done on the autaaigébmodel in the following section.

5.2 Evaluating the inferences produced by the auto-calibra ted FSLDS

This section is dedicated to a comparative analysis betwleeimferences produced by the
manually-calibrated FSLDS and its auto-calibrated vefsid\s previously explained, we set
up a FSLDS able to infer the posterior probability distribatfor four hidden factors: Incubator
Open, Bradycardia, Temperature Probe Disconnection anoldBsample.

The quality of the inferences will be assessed by the samectiteria as in [22, 24]. The
first one is the AUC already introduced in the previous sectiod the second one is the equal
error rate (EER). The EER is the error rate computed for thestiold value at which the
false positive rate (FPR) is equal to the false negative (IR ). A graphical interpretation
of the EER would be that it is the error rate correspondinghto ihtersection of the ROC

4All the experiments in this section made use of John Quinodedor the FSLDS [23]. This has also implied
employing the Bayes Net Toolbox for MATLAB [19].
5ENR= 1—TPR where TPR is the true positive rate
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curve with the diagonal connecting the upper-left and lexigiit corners of the ROC plot.
The EER is in fact proportional to the distance between titirsection point and the upper-
left corner by a factor of/2. Analysing the EER is particularly useful when the numbfer o
instances in the two classes is unbalanced. Keeping in rhatdhe statistics are computed for
a total of 360 hours of monitoring data and considering thal wuration for the four factors
of interest (Table 4.1), we immediately see that computivegEER is highly recommended in
our problem. In addition, computing the EER can be regardea principled way to select a
good threshold from an ROC curve. Since the EER is an err@srtaller the value the better.
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Figure 5.6: ROC curves showing the classification of the four factors of interest for three meth-

ods of calibration

For evaluation, we use the same setting as the one descrij@d]iand all the 360 hours
of physiological monitoring data on hand. The experimentlase with three-fold cross-
validation: ten babies are used for training and the remgifive for testing. For the mo-
ment, the calibration system selects the only top prediaiiatputted by the classifier (i.e. the
instance with the highest posterior probability) and usés interval to learn the normal dy-
namics. As argued in Section 3.2.3 the inference methodmreglis the Gaussian Sum (GS)
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Table 5.11: Summary statistics for the three methods of calibration

Calibration Statistic Bradycardia Incu Open Temp Probe DBood Sample

AUC 0.89 0.87 0.90 0.92
Manual

EER 0.24 0.17 0.13 0.16

AUC 0.89 0.85 0.86 0.91
Auto

EER 0.21 0.18 0.18 0.20

AUC 0.75 0.76 0.82 0.88
Random

EER 0.33 0.27 0.22 0.24

approximation. A single run processing all the data for tftedh babies took.3 hours to
complete.

In Figure 5.6, we plot the ROC curves corresponding to the iftferred factors and for three
methods of doing calibration: Auto, Manfiand Radom. The last one will be explained be-
low. The Values of the AUC and EER are organized in Table 5Thi quality of the inferences
produced by the auto-calibrated FSLDS is very close to tieeabithe inferences produced by
the manually calibrated version for three of the factorcubator Open, Temperature Probe
Disconnection and Blood Sample. Luckily, for the remairfiactor, Bradycardia, the AUC val-
ues are identical in both cases. Moreover, for this facteraito-calibrated FSLDS manages
to outperform the manual version in terms of EER. At the same,tthe largest difference be-

tween the quality of manual and automatic inferences is ompEgature Probe Disconnection.
We will return to this issue below.

Until now we have seen that the auto-calibrated systems#iecomparable performance to
the manually-calibrated one. The question to be asked i$ hdsmbeen gained by employing
a classifier that predicts normality with respect to a randadibration procedure. This im-

plies sampling some arbitrary interval from the analyseuaytsnd using it to learn the normal
dynamics.

In order to perform this experiment a number of design choieed to be considered. We still
kept the fifteen minute interval length, but added the cairstithat at least one known factor
is present in any randomly selected interval. Because thmage event durations are clearly
shorter than fifteen minutes and considering the effectstudfiping” the data our constraint is
reasonable. On the other hand, intervals containing owlgalrt measurements on any channel
have been ignored. Furthermore, the temperature and hyroidinnels often display constant
values for long periods of time. The primary cause is the tigaton performed by the mea-

6The results obtained with the manually-calibrated FSLDsSmat identical to the ones in [24] due to using an
updated version of both code and data annotations.
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Table 5.12: Summary statistics for manual- and auto-calibration when jitter has been added

Calibration Statistic Incu Open Temp Probe Dis

AUC 0.87 0.90
Manual
EER 0.17 0.13
. AUC 0.87 0.91
Manual + jitter
EER 0.17 0.13
AUC 0.85 0.86
Auto
EER 0.18 0.18
. AUC 0.86 0.84
Auto + jitter
EER 0.18 0.20

surement devices. Since we don’t want to train the AR preasese constant intervals, we have
added jitter on these channels (Gaussian noise - zero m&&wdriance due to a quntization
stepg = 0.1). In addition, if the trained AR coefficients did not safiiie convergence criteria
(e.g. | a1 |< 1 for anAR(1) process, see [4, §3.4.4]), then the sample is rejected.t,lfouo
experiments have shown that the inferred covariance ofittdeh state\(tjIt in Equation 3.13)
diverges. A number of 10 different sets of samples, one eterafrom each baby, have been
averaged to draw the “Random” curve in Figure 5.6.

Our results show that using a classifier predicting normaditclearly superior to randomly
picking an interval when we do inferences for the Bradyamtid Incubator Open factors.
This conclusion is valid for the manual calibration as wéllowever, for the two remaining
factors, while still noticeable, the improvement is legn#icant. A possible explanation is
that the random intervals are picked from the current telsy,bso they still exhibit a certain
amount of normality.

An interesting observation is that even in both the anndtaied the predicted sections of
normality there are some constant intervals on the temyerar humidity channels. We also
added jitter to these intervals and ran inference again.ré@$idts are presented in Table 5.12.
Only the known factors that can affect the temperature amaidiity measurements have been
included. From our results, clear benefits of this proceduechardly noticeable. Probably, a

more elaborate approach on reducing the effects of quéintizan these channels would be
conclusive.

So far, we have been using only the top prediction of our ilas$or calibrating the FSLDS.
As an alternative we have experimented picking the top tpredictions. From the previ-
ous section we already know that among the top three predithere might be some false
positives. At the same time, the increased quantity of datehelp towards a better learning



Chapter 5. Evaluation 48

Table 5.13: Summary statistics comparing two auto-calibration methods: the standard “Auto”

picking only the top prediction and “Auto-3” picking the top three predictions.

Calibration Statistic Bradycardia Incu Open Temp Probe DBood Sample

AUC 0.89 0.85 0.86 0.91
Auto

EER 0.21 0.18 0.18 0.20

AUC 0.88 0.80 0.85 0.92
Auto-3

EER 0.23 0.25 0.20 0.17

of the normal dynamics. Naming this procedure Auto-3, weastite summary statistics in
Table 5.13. On average, the performance is lower comparétetetandard auto-calibration
procedure, but clearly better than the random approach.

In the final part of this chapter we illustrate some compagagkamples of inferences done with
the manually- and auto-calibrated FSLDS's for physiolagj@ondition monitoring. The hori-
zontal bars in the lower part of the figures indicate the pasteistributions of factors. Levels
of grey from white to black indicate values from zero to ongpextively. In a first experiment
(Table 5.14, Figure 5.7 and Figure 5.8), we see that our twtesys perform equally well at
inferring Bradycardia and Blood Sample. The second expartr(irable 5.15, Figure 5.9 and
Figure 5.10) shows how the manual and auto FSLDSs functi@nwte factors overlap. Here,
it is interesting to note that both systems not only deteeht/with similar accuracy but also
seem to make the same mistakes. In the last one (Table 5di6eF5.11 and Figure 5.12), we
also introduce the X-factor, the factor corresponding ®Albnormal class (see 83.2.2). The
quality of the predictions for Blood Sample is identical Bmth calibration methods, while the
automatic system tends to produce more false alarms whemiirg the X-factor.

"The visualization code in [23] has been used.
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Table 5.14: Experiment 1: MANUAL vs. AUTO calibration - Summary of the inferred distributions
for Blood Sample and Bradycardia. The calibration methods perform equally well. However, they
both flag a possible bradycardia instance around time 125 this being in disagreement with the

annotator’s opinion.

Bradycardia  Blood Sample

Statistc  AUC EER AUC EER
Manual 0.885 0.260 0.970 0.05
Auto  0.905 0.143 0.968 0.05

Table 5.15: Experiment 2: MANUAL vs. AUTO calibration - Summary of the inferred distributions
for Incubator Open (i.e. Handling), Blood Sample and Bradycardia. The particularity of this
experiment is factor overlapping, but the calibration methods deliver satisfactory performance.

However, they both consider two separate handling annotations as a single interval.

Bradycardia Blood Sample Blood Sample

Statistic  AUC EER AUC EER AUC EER
Manual 0.997 0.031 0.996 0.026 0.907 0.147
Auto  0.998 0.031 0.995 0.026 0.922 0.145

Table 5.16: Experiment 3: MANUAL vs. AUTO calibration - Summary of the inferred distributions
for Blood Sample and the X-factor (i.e. the factor for the Abnormal Class). The quality of the

predictions for Blood Sample is identical, but the manual version performs better for the X-factor.

X-factor Blood Sample

Statistic  AUC EER AUC EER
Manual 0.839 0.176 0.998 0.016
Auto  0.792 0.307 0.998 0.016
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Baby #1, 29 weeks gestation, day 3 of life, interval 37900:39100
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Figure 5.7: Experiment 1: MANUAL calibration - Inferred distributions for Blood Sample and
Bradycardia. Inference on both factors is correct. However, an inferred bradycardia instance

around time 125is in disagreement with the annotator’s opinion.
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Figure 5.8: Experiment 1: AUTO calibration - Inferred distributions for Blood Sample and Brady-

cardia. Inference on both factors is correct. However, an inferred bradycardia instance around

time 125is in disagreement with the annotator’s opinion.
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Baby #12, 25 weeks gestation, day 4 of life, interval 32300:33000
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Figure 5.9: Experiment 2: MANUAL calibration - Inferred distributions for Incubator Open (i.e.
Handling), Blood Sample and Bradycardia. The predictions are generally correct. Nevertheless,
there are two exceptions: two separate handling instances are not discriminated and bradycar-

dia is still predicted long after the event has ended.
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Baby #12, 25 weeks gestation, day 4 of life, interval 32300:33000
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Figure 5.10: Experiment 2: AUTO calibration - Inferred distributions for Incubator Open (i.e.
Handling), Blood Sample and Bradycardia. The predictions are generally correct. Nevertheless,
there are two exceptions: two separate handling instances are not discriminated and bradycar-

dia is still predicted long after the event has ended.
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Baby #13, interval 33800:36500

200 T T
HR (bpm) 150 J" WWWWW
100 | | | | |
80
60 n
BS (mmHg)
40 N
20
60
40 N
BD (mmHg)
20 v
0
X | i | | |0 Y
Blood sample [ - i i i | |
True X | | | | [ I
True Blood sample [ . i | | | |
0 500 1000 1500 2000 2500
Time (s)

Figure 5.11: Experiment 3: MANUAL calibration - Inferred distributions for Blood Sample and
the X-factor (i.e. the factor for the Abnormal Class). Both factors are correctly inferred. The

X-factor displays high sensitivity to any deviation from normality.
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Baby #13, interval 33800:36500
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Figure 5.12: Experiment 3: AUTO calibration - Inferred distributions for Blood Sample and the
X-factor (i.e. the factor for the Abnormal Class). Both factors are correctly inferred. In addition,

the X-factor displays high sensitivity to any deviation from normality.
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Conclusions and Future Work

The current project has described our approach for autamalie calibration stage of the
FSLDS for neonatal condition monitoring. Section 6.1 rexgehe key aspects of our solution
and highlights the most important results. Based on thosnfis, we are able to formulate
some interesting recommendations for extending our woBeiction 6.2.

6.1 Conclusions

The main objective of this project was to reduce or even el the need for a manual
calibration stage in the FSLDS for condition monitoring. rQuork was divided into two
stages. In a first stage we have built a probabilistic metbo@ésxtracting sections of normality
from physiological monitoring data. The second stage cbediof assessing the performance
of the auto-calibrated system with respect to its manuzlyjbrated version.

We chose to extract intervals of normality by employing abjrclassifier able to discriminate
between Normal and Non-Normal Sections. Exploratory datdyais (Section 4.1) has re-
vealed some of the main challenges of our task: normalitygospecific to each baby, known
events displaying variability in patterns, variability atcurring frequencies and durations,
missing data and uncertainty in the “factor - influenced dlefirrelationship.

Using summary statistics and knowledge engineering, vieudated our choices for designing
the classifiers. First, we found an appropriate length ferdctions to be classified (Section
4.2.1). Then we have justified our choice for a channel-bagguloach of the task. Accord-
ingly, a more relevant labeling for the data was introducgdcfion 4.2.3). Afterwards, we
have proposed feature extraction solutions (Section ©8). experiments have shown that a
baseline set of simple features (e.g. means, standardtidegiaor median values) carefully

56
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chosen relying on medical considerations is a proper cHoicthe problem. With all this in
place, a judicious classifier setup is explained (Sectidh Zhe performance of the employed
“off-the-shelf” classifiers (ML and Bayesian logistic regsion, Naive Bayes and decision
tree) has been assessed in a cross-validation setting ocriteoa, including one especially
designed for the task. Analysing the experimental res8ksf{on 5.1), we have concluded that
the combination of the baseline set of features and logieticession is the best choice for the
auto-calibration problem.

The most important test in this project was running infeeeircthe auto-calibrated FSLDS
for the whole amount of physiological data (Section 5.2).idsmediate conclusion is that the
auto-calibrated FSLDS is clearly successful in uncovetivegdistribution of all four analysed
factors: Brdaycardia, Incubator Open, Temperature PrdbedDnection and Blood Sample.
In a direct comparison with its manual version, our systetivels a marginally better per-
formance at inferring Bradycardia and is almost as good erother three factors (Figure 5.6
and Table 5.11). From another point of view, our experiméatse shown that employing the
classifier for normality is definitely superior to randomhoosing a data section from the anal-
ysed baby for calibration. In addition, we provide evidetita randomly selecteded sections
can produce diverging estimates for hidden state variar@tser ideas we have explored are:
jittering channels displaying long periods of constant sseaments and selecting more than
one interval for calibration. Plots of inferred distribars obtained by the auto and manually
calibrated FSLDS's are given. The observation is that bgshesns not only detect events in a
similar fashion, but also tend to make the same errors.

6.2 Future Work

This section enumerates some interesting extensions fowork. The focus is on ideas for
improving the extraction of normality sections from the plmjogical monitoring data, but
some recommendations refer to the study of inferences peatloy the FSLDS.

In the current project the same dataset has been used fotrating the classifier for Nor-
mality and learning the FSLDS. A more rigurous test can bépmed if the classifier can be
trained on a separate dataset of the same kind. Moreovemtght allow holding out a valida-
tion set, so more sophisticated classifiers can be utiliaédhe same time, more experiments
with Bayesian versions of the classifiers can be done. Oultsags Section 5.1.1 also suggest
combining the outputs of different classifiers (i.e. ensiennibethods).

We have chosen to select fifteen minute non-overlappingviale as instances to be tested for
normality. However, many different approaches might bemal-or instance, normality may
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be classified on a second-by-second basis. The idea is to use & window centered on the
current time step to select a much longer section from whiehféatures will be extracted.
Modifying our labeling and feature extraction methods miglso be required. In addition,
the shape of the window can be used to weight the importanteeadbservations at various
distances from the current time step.

Another idea is a thorough study of the missing data probl#ve. have seen that measure-
ments on various channels are missing, because clinicisuely select for monitoring only
the channels they consider most informative about a cepttient’s condition. One might at-
tempt to estimate the values on the missing channels by imgdekir probability distribution
conditioned on the data on hand (see [15] for details).

The comparison between the manually- and auto-calibra&dDiSs has been performed based
on second-by-second inferences. However, it is also jgaddth analyse only if an event has
been detected or not. Results of such an approach are alawadgble for the manually-
calibrated system [22], but not for its automated versioraddition, both the FSLDS and the
classifier built in this project can easily be adapted toudelmore factors (e.g. transcutaneous
probe recalibration, sepsis).



[1]

(2]

[3]
[4]

[5]

[6]

[7]

[8]

Bibliography

Daniel L. Alspach and Harold W. Sorenson. Nonlinear Bsge Estimation Using Gaus-
sian Sum Approximations.[EEE Transactions on Automatic Contrdl7(4):439-448,
1972.

David Barber and Bertrand Mesot. A Novel Gaussian Sum @her for Approximate
Inference in Switching Linear Dynamical Systems. In B. 8kbpf, J. Platt, and T. Hoff-
man, editorsAdvances in Neural Information Processing Systemafes 89-96. MIT
Press, Cambridge, MA, 2007.

Christopher M. BishopPattern Recognition and Machine Learnin§pringer, 2007.

Chris Chatfield. The Analysis of Time Series — An IntroductiocBhapman & Hall/Crc,
6th edition, 2004.

G Ewing, L Ferguson, Y Freer, J Hunter, and N Mcintosh. &tational Data Acquired
on a Neonatal Intensive Care Unit. Technical report, Usitof Aberdeen, 2002. Com-
puting Science Departmental Technical Report: TR 0205.

Tom Fawcett. ROC Graphs: Notes and Practical Consideamfor Researchers. Tech-
nical report, 2004.

Zoubin Ghahramani and Geoffrey E. Hinton. Parameteinizgton for Linear Dynamical
Systems. Technical report, University of Toronto, 1996.

Zoubin Ghahramani and Geoffrey E. Hinton. Variationading for Switching State-
Space ModelsNeural Computation12(4):831-864, 2000.

[9] Zoubin Ghahramani and Michael I. Jordan. Factorial Kiddvarkov Models.Machine

[10]

Learning 29:245-273, 1997.

Mark Hall, Eibe Frank, Geoffrey Holmes, Bernhard Pfager, Peter Reutemann, and
lan H. Witten. The WEKA data mining software: an updaiGKDD Explor. News].
11(1):10-18, 2009.

59



Bibliography 60

[11] David Hand, Heikki Mannila, and Padharic SmytRrinciples of Data Mining MIT
Press, 2001.

[12] C-J. Kim. Dynamic Linear Models with Markov-Switchingl.Econometrics60:1-22,
1994,

[13] S. L. Lauritzen.Graphical Models Oxford Univeristy Press, 1996.

[14] UriLerner and Ronald Parr. Inference in hybrid netwgorkheoretical limits and practical
algorithms. InUAI, pages 310-318, 2001.

[15] R.J.A. Little and D.B. Rubin.Statistical analysis with missing datdNew York, Wiley,
1987.

[16] David J. C. Mackaylnformation Theory, Inference and Learning Algorithr@ambridge
University Press, 2003.

[17] Kevin Murphy and S Russell. Rao-Blackwellised PaetiElltering for Dynamic Bayesian
Networks. In N. de Freitas A. Doucet and N. Gordon, editSegjuential Monte Carlo in
Practice Springer-Verlag, 2001.

[18] Kevin P. Murphy. Switching Kalman Filters. Technicabort, U.C. Berkeley, 1998.

[19] Kevin P. Murphy. The Bayes Net Toolbox for MATLABComputing Science and Statis-
tics, 33:2001, 2001.

[20] lan T. NabneyNetlab: Algorithms for Pattern Recognitiospringer, 2001.

[21] lan T.  Nabney. Netlab  Neural = Network  Software, 2004.
http://www1.aston.ac.uk/eas/research/groups/naginees/netlab/.

[22] John Quinn. Bayesian Condition Monitoring in Neonatal Intensive CaiehD thesis,
University of Edinburgh, 2007. http://hdl.handle.ned28144.

[23] John Quinn. Neonatal condition monitoring demonsatrat code, 2008.
http://omnipresence.org/jg/software.html.

[24] John A. Quinn, Christopher K. I. Williams, and Neil M¢osh. Factorial Switching
Linear Dynamical Systems Applied to Physiological ComgtitMonitoring. IEEE Trans.
Pattern Anal. Mach. Intel).31(9):1537-1551, 2009.

[25] Lawrence Rabiner. A tutorial on Hidden Markov Modelsdaselected applications in
speech recognitiorProceedings of the IEEE7(2):257-286, February 1989.

[26] R. Shumway and D. Stoffer. Dynamic linear models withtshing. J. of the American
Statistical Association86:763—769, 1991.



Bibliography 61

[27] Christopher K. I. Williams, John A. Quinn, and Neil M¢osh. Factorial Switching
Kalman Filters for Condition Monitoring in Neonatal Intéves Care. In Y Weiss,

B Scholkopf, and J Platt, editorédvances in Neural Information Processing Systems
18. MIT Press, 2006.



