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Abstract

This project describes our approach for automating the calibration stage needed by the Factorial

Switching Linear Dynamical System (FSLDS) for neonatal condition monitoring.

Using observations collected by the monitoring equipment,the FSLDS proposed by Prof Christo-

pher Williams and Dr John Quinn [22] is highly successful in inferring the probability distri-

butions of both physiological and artifactual hidden factors affecting the measurements. The

detection of these factors presents vital importance to clinicians. However, the FSLDS must be

calibrated using manually selected data segments corresponding to normal dynamics. Our goal

is to automatically find such intervals.

The proposed solution uses a binary classifier able to discriminate normal sections from a set

of fixed length measurement intervals. A “channel-based” classification is justified, together

with a new labeling for the data, feature extraction solutions and a performance criterion espe-

cially developed for the task. Experimental results have demonstrated that our classifiers are

able to correctly extract normality sections from the observations on hand. More importantly,

a number of comparative tests between the auto- and manually-calibrated FSLDSs provide ev-

idence that our approach is indeed successful in uncoveringthe hidden factors influencing the

observational data.
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Chapter 1

Introduction

It is often the case that people have to swiftly make criticaldecisions in order to respond to

the behavior of complex systems. The situations when the exact state of the system cannot be

directly observed are clearly the most challenging. One immediate action to be taken in such

a scenario is to choose a set of relevant measurement channels for the analysed system and

monitor their evolution through time.

In face of uncertainty, common-sense tells us to rely on models. In general, models tend to

simplify the structure of a real-world system by making a setof assumptions. Sometimes,

it can be useful to assume that the system switches between a certain number 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 condition monitoring on such a system, namely

premature born babies receiving intensive care. Born 12-14weeks before the full term gestation

of 40 weeks, they have an extremely fragile physical condition. Their state of health cannot be

directly observed, but a set of physiological measurementsis collected on a second-by-second

basis by cotside devices. A presentation of the vital aspects of a baby’s physiology monitored in

a neonatal unit will be given in Chapter 2. In broad terms, clinicians use their expert knowledge

together with these recordings in order to determine the best course of action for each patient.

Nevertheless, this is far from being a trivial task. Fortunately, the model introduced in the

following comes into support.

Proposed by Dr John Quinn and Prof Christopher Williams [27,22, 24], The Factorial Switch-

ing Linear Dynamical System (FSLDS) has the ability to modela system which switches be-

tween multiple modes of operation conditioned on a set of factors. The main focus of their

work was on the inference problem. More precisely, given a sequence of observations, the

FSLDS would output the filtering distribution of the switch setting at each time step. Since ex-

1



Chapter 1. Introduction 2

act inference is computationally intractable in such a model, approximate methods have been

employed. A more detailed description of the FSLDS’s structure, training procedure and the

inference algorithms will be given in Chapter 3. The model has been especially tuned for the

task of physiological condition monitoring. It has proved to be highly successful in determining

the hidden factors that govern the observations collected by cotside computers.

As a crucial part of training the FSLDS, a manualcalibration stage is needed. This requires

finding an interval of normality for each examined baby. By normality, we generally understand

a period in which the baby is in a stable condition. Once such an interval is detected, it is used

to determine the parameters of the FSLDS associated with normal behavior. Subsequently,

these parameters help in finding the dynamics of other known regimes.

The primary goal of this project is toautomatethis calibration stage. More exactly, we will

build a binary classifier that predicts whether an interval of monitoring data is normal or not.

The main reason for the feasibility of such a classification is that while the normal dynamics

can be different for each baby, artifact is stereotypical. This assertion will be further explained

throughout the dissertation. Crucial parts of our work werecreating a more appropriate labeling

for the data and extracting a relevant set of features to use as classifiers’ input.

Performance evaluation for the auto-calibration procedure is done in two phases. First, we as-

sess the quality of the predictions produced by the classifiers. Since only classifiers that have

probabilistic outputs have been employed, we give our results as ROC curves. Furthermore,

a performance criterion especially designed for the task isdiscussed. Second, we use the pre-

dictions of the classifiers in order to train the FSLDS and then use it to do inference. This

analysis is much more interesting since it allows a direct comparison between the manual and

auto-calibrated models. Our main conclusion is that the auto-calibrated FSLDS can be confi-

dently used to perform neonatal condition monitoring. Examples 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 neonatal intensive care unit.

The most important aspects of the data used in this project are described. Explanations of the

measurement channels and of common monitoring patterns areoffered along with illustrative

plots.

Chapter 3 is dedicated to the Factorial Switching Linear Dynamical System (FSLDS). It be-

gins by reviewing the previous work in the area of probabilistic dynamical models that has

allowed the construction of the FSLDS. Then we explain the structure of the FSLDS, its train-



Chapter 1. Introduction 3

ing procedure and the appropriate inference algorithms. A special emphasis is placed on the

mandatory calibration stage required by the training procedure.

Chapter 4 shows our approach for automating the calibration stage needed by the FSLDS.

Confronting the goals of the project with the results of the exploratory data analysis, we are

able to articulate our design choices. The preference for a channel based classification of

normality is motivated. Relying on the medical considerations reviewed in Chapter 2, we

justify a new labeling for the data and our selections for feature extraction. Finally, the choice

of the classifiers and the setup for training and testing are explained.

Chapter 5shows the results obtained by employing the classifiers built in the previous sections.

First, we study the probabilistic outputs of the classifiers. Then, we demonstrate that the auto-

calibrated FSLDS is able to match the performance of the manually-calibrated model in terms

of inference quality. We also plot various inferred distributions of the switch settings in support

of our claim.

Chapter 6 presents and comments the main findings of the project and gives a set of recom-

mendations for future work.



Chapter 2

Physiological Monitoring Data

This chapter is a short introduction into the medical aspects of the physiological condition mon-

itoring project. The information presented in the following is essential in order to justify the

design choices made for achieving the goal of automating thecalibration stage of the FSLDS.

A more detailed discussion of the topic can be found in [22].

In a neonatal intensive care unit, premature babies are continuously monitored by a set of

devices placed next to their incubators. These patients have a very delicate health condition.

This means that they may be treated for prematurity alone, having no other medical problem

than their very short gestation term.

As already stated, the state of health of a baby cannot be observed directly, but there are a num-

ber of patterns appearing in the measurements which help clinicians formulate an appropriate

diagnosis. More exactly, the medical staff looks at readings which include channels like heart

rate, blood pressure or incubator humidity and infer whether there is any kind of pathology or

whether everything is evolving normally.

Nevertheless, performing inference is a seriously complicated task for reasons which fall into

two main categories: reasons due to the baby’s physiology and reasons due to the monitoring

equipment. The main issue in the first category is that human physiology is so complex that

the number of factors which can affect it is hard to manage. Inaddition, the baby can dis-

play multiple combinations of physiological events occurring at the same time. To complicate

things even further, some patterns appear quite frequentlywhile others are particulary rare.

At the same time, operating the monitoring equipment causesproblems such as observation

noise and corruption with artifact. A straightforward example of the latter is opening the in-

cubator’s doors, which usually produces measurements withincreased variance on most of the

observation channels.

4



Chapter 2. Physiological Monitoring Data 5

Section 2.1 enumerates some of the most important measurement channels. We then show

some intervals of normal variation in a baby’s vital signs inSection 2.2. Examples of common

physiological and artifactual events are presented in Section 2.3.

2.1 The measurement channels

Based on their preliminary beliefs about the physical condition of the baby, clinicians choose

a set of observation channels to be monitored on a second-by-second basis. This means that

it is highly probable for different babies to have recordings on different sets of measurement

channels. In other words, it is common to see that some of the clinical parameters listed in the

following are missing from the data belonging to a certain patient.

The physiological system can be thought of in terms of three partly independent sub-systems:

the respiratory system, the cardiovascular system and the thermoregulatory system [22, §2.1.1].

Each of these systems has its associated set of measurement channels. The most significant of

them are given in the next paragraphs.

The respiratory system is responsible for the transfer of various gases in the blood. The pro-

cesses of oxygen absorption and carbon dioxide dispersion should be familiar even to non-

medical staff. In order to monitor these processes a transcutaneous probe measures the partial

pressure ofO2 (TcPO2) and the partial pressure ofCO2 (TcPCO2). At the same time, a pulse

oximeter measures theO2 saturation in the arterial blood (SO).

The flow of blood through the body is controlled by the cardiovascular system. This is tra-

ditionally monitored by obtaining heart rate (HR) measurements from an electrocardiogram.

In addition, a pressure transducer records the evolution ofthe blood pressure on two different

channels. When the heart is contracting, the first one accumulates the systolic blood pressure

(BS); when the heart is resting, the second one accumulates the diastolic blood pressure (BD).

The thermoregulatory system does the job of keeping the bodyat an adequate temperature.

This is monitored by two channels: core temperature (TC) andperipheral temperature (TP).

Along with this set of physiological measurements, clinicians also need to know that the en-

vironment inside the incubator functions in normal parameters. Two observation channels are

allocated for the task: incubator temperature (Incu.Air Temp) and incubator humidity (Incu.Air

Humidity).
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2.2 Normal variation

Being asleep and motionless for most of the time, premature born babies usually have a stable

health condition. By a stable condition, we understand a period that does not display any kind

of pathology or other types of physiological events (see next section for examples). However,

the fact the baby is in a stable condition does not rule out theexistence of other long-term

health problems [22, §2.2]. We classify an interval of monitoring data as normal if the baby

is in a stable condition and none of the channels is corruptedby artifact (see next section

for examples). One should bear in mind the point that such a period is well described by

low variation in the measurement channels. (Also note that channels like heart rate or blood

pressures inherently have a much higher variability than channels 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 highlighted the fact that different babies have

different normal dynamics. From the medical’s staff point of view, the fact that each baby has a

specific physiology is a perfectly reasonable assumption. Moreover, a simple visual inspection

reveals that “low variation” is merely a general formulation for describing normality that fails

to capture the particularities of the dynamics of the observation channels.
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Focusing only on the channels associated with the cardiovascular system, Figure 2.11 shows

the differences in normality between two distinct babies. The importance of these differences

increases significantly when the FSLDS model needs to compute sets of autoregressive coeffi-

cients from intervals of normality on each channel (see Chapter 3).
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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 artifactual events we plan to uncover by doing

inference in the auto-calibrated FSLDS.

• Bradycardia is physiological event characterized by a temporary drop inthe heart rate

measurements. It can have a large variety of causes, but not all of them are of serious

concern for the clinicians ([22, §2.4.1]). A couple of examples are shown in Figure 2.2.

As all other labelings in this project, the annotation for bradycardia is a binary one (pres-

ence or absence). The shortcoming of this approach is that there is no way to quantify

uncertainty in labeling; this becomes problematic in situations like the one in the upper

plot of Figure 2.2.

1For personal data protection reasons, the names of the babies are not available. We are using numbers instead.
See Section 4.1 for a more detailed description of the dataset.
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• Probe disconnectionis a frequent artifactual event related to operating the monitoring

equipment. Generally, when a probe is disconnected the measurements fall to zero. The

exceptions are the temperature channels which drop to the temperature of the environ-

ment. Since temperature probe disconnection will be studied in the following chapters,

we show a couple of examples in Figure 2.3.
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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.

• Periodically taking ablood sampleis another artifactual event. The procedure causes the

emergence of an artifactual ramp in the blood pressure measurements (see Figure 2.4).

Moreover, if the heart rate is also computed from the pressure sensor, readings will cease

for the duration of the blood sampling event [22, §2.3.2].

• A common artifactual event isopening the incubator’sdoors. This is caused by various

medical procedures that need to be performed on the patient.During this operation, we

usually see an increased variance in the physiological measurement channels. At the

same time the incubator’s temperature and humidity slowly adjust to room values (see

Figure 2.5 for examples).

It must be clearly stated that the number of different eventsis much larger than the one pre-

sented so far in this chapter. Other events worth mentioninginclude transcutaneous probe

recalibration (artifactual), desaturation, or pneumothorax (both physiological) [22]. Trying to

model all of them appears to be an infeasible task, since certain combinations of events might



Chapter 2. Physiological Monitoring Data 9

0 200 400 600 800
0

50

100

150

200

H
R

 (
bp

m
)

Time (sec)
0 200 400 600 800

0

50

100

150

200

H
R

 (
bp

m
)

Time (sec)

0 200 400 600 800
20

40

60

80

B
S

 (
m

m
H

g)

Time (sec)
0 200 400 600 800

20

40

60

80

B
S

 (
m

m
H

g)

Time (sec)

0 200 400 600 800

20

40

60

B
D

 (
m

m
H

g)

Time (sec)
0 200 400 600 800

20

40

60

B
D

 (
m

m
H

g)

Time (sec)

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, S0, TC, Incu. Air Temp, Incu. Air Humidity

Blood Sample HR, BS, BD

Bradycardia HR

Temp Probe Disconnect TC, Incu. Air Temp

Transcutaneous Probe Recal TcPO2, TcPCO2

even trigger patterns that have never been previously seen for specific babies. An elegant solu-

tion called the X-factor is proposed in [24, 22] and will be briefly discussed in the next chapter.

In the conclusion of this section, we are able to produce a summary as Table 2.1. The table

answers the following question:“For each analysed physiological or artifactual event, which

are the measurement channels that are influenced by its occurrence?”. This information will

prove to be important for the design of the classifiers in Chapter 4.



Chapter 3

Background

After presenting the physiological monitoring data in the previous chapter, we are now able to

discuss the probabilistic dynamical model developed for the condition monitoring application.

The first part of the chapter has a more theoretical flavor, butis mandatory for understanding

the remainder. We will also highlight the elegant manner in which the FSLDS manages to

handle the particularities of the baby monitoring problem.

Section 3.1 presents the most important principles from theprevious work on probabilistic

dynamical models. We discuss autoregressive processes andstate-space models together with

generalizations of the latter. In Section 3.2, we show how the problem of neonatal condition

monitoring is modeled by the Factorial Switching Linear Dynamical System (FSLDS) and

what the main assumptions are. Training the FSLDS is then explained, with a special accent on

the calibration stage. In the final part of the chapter, we study the 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 relies on are briefly described in the fol-

lowing. We begin by showing the ideas behind autoregressiveprocesses and continue with

the state-space model and its generalizations. Some important notions like switching and fac-

torization are introduced. The intractability of exact inference in the generalizations of the

state-space model is also discussed.

Autoregressive processes

The best known method to model a time series is probably the autoregressive process [4, §4].

In its simplest form, the autoregressive process (AR(p)) assumes that the current observation is

11
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given by a weighted average of the observations atp previous time steps plus Gaussian noise.

If we denote the observation sequence byyt , then at any timet we have:

yt −µ=
p

∑
k=1

αk(yt−k−µ)+nt (3.1)

whereµ is the mean of the process andnt is a zero-mean Gaussian noise with varianceσ2
n. If

the process is also assumed to be stationary, the solution isgiven by the Yule-Walker equations.

These are a set of linear equations relating the AR coefficients,αk, to the sample autocorrelation

coefficients (for details see [4, §3.4.4]).

Popular generalizations of theAR(p) process are the autoregressive moving average model

(ARMA(p,q) - when the observation also depends on a weighted sum of the noise from q

previous time steps) and the autoregressive integrated moving average (ARIMA(p,d,q) - an

ARMA(p,q) model applied to the signal after differentiating itd times). Note that theARIMA

model is dedicated to non-stationary time series. The general approach is to assume that

differencing for an appropriate number of times produces a stationary signal [4, §4.5]. An

ARMA model may now be fitted to the differenced data. For instance,differentiating an

ARIMA(p,d,0) processd times results into aAR(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 two-layered directed acyclic graph

(DAG), generically referred to as the state-space model (SSM) [3]. For each variable in the

observed layer there is a corresponding state variable in the hidden layer, which is a first order

Markov chain. There are two key conditional independence proprieties that hold in SSMs: (a)

the current observation is independent of all other observations given the current state and (b)

the past and future states are independent given the currentstate.

Two special cases of SSMs have been extensively studied: theLinear Dynamical System (LDS)

[7, 3]1, where all the variables are Gaussian and the Hidden Markov Model (HMM) [25, 3],

where the hidden variables are discrete. The HMM has been widely applied in speech recogni-

tion applications. However, in the following we will only explore the LDS, since it constitutes

the foundation of the condition monitoring application.

The LDS was developed in order to offer an elegant answer to the following question:“How

can one measure an unknown non-constant quantity using a noisy sensor?”. The importance

of this solution is tremendous considering today’s great variety of devices which rely on data

1The Linear Dynamical System (LDS) is also referred to as the Kalman Filter (KF). For clarity reasons, only
the first naming will be used throughout this dissertation.
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coming from their sensors. We now briefly show the theory which supports the LDS. If one de-

notes the hidden states byxt , t = 1,2, ..,T then the following linear and time invariant equation

describes the dynamics of the system:

xt = Axt−1+wt (3.2)

whereA is a square matrix called the dynamics matrix andwt denotes the Gaussian noise,

wt ∼ N(0,Q). The observations,yt , t = 1,2, ..,T , are also governed by a linear and time

invariant equation:

yt = Cxt +vt (3.3)

whereC is the observation matrix andvt is the Gaussian observation noise,vt ∼ N(0,R). A

corresponding directed acyclic graph (DAG) is shown in Figure 3.1 (upper-left corner). The

factorization of the complete-data probability distribution is:

p(x1:T ,y1:T) = p(x1)p(y1 | x1)
T

∏
t=2

p(xt | xt−1)p(yt | xt) (3.4)

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 inference problem. In a graphical

probabilistic model, inference is defined as computing the probability density distributions of

the hidden variables conditioned on the visible ones. If theobservations come from a temporal

sequence of measurements, the following categorization ofdoing inference can be performed.

When computing posterior probabilities at the current time, t, given the observations up to

time t, the inference problem is calledfiltering. In thesmoothingproblem the conditioning is

made on all the available observations, say up to timeT. Furthermore,predictionconsists of

computing posterior probabilities at timet, given observations up to timet
′
, wheret > t

′
. In

the present project, we have only used filtering distributions.

In the LDS presented above, ifp(x1) is a Gaussian then, at any time stept, p(yt | xt) andp(xt |
xt−1) would be Gaussians as well. In this restricted framework inference can be computed in

closed form using the Kalman filtering (or smoothing) equations. In filtering, we are interested

in computing the mean and variance of the following:

p(xt | y1:t) = N(µt ,Vt) (3.5)

It can be shown thatµt is computed as the sum of a predicted mean derived directly from the

dynamics equation and a weighted correction term derived from the observation at timet. The

weight of the correction term is known as the Kalman gain matrix. (for 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 the LDS, the parameters of both

models can be trained in a similar fashion using expectation-maximization (EM) [3, §13].

Nevertheless, the assumptions they make about the probability distribution of the data proved

to be too restrictive. In many real-world scenarios it is fruitful to think that the observations

are generated by the mixture of a number of hidden processes evolving in parallel. Two of the

ideas that made generalizations of the SSMs possible are switching and factorization.

Theswitchingidea [26, 8, 18] implies introducing a discrete variable to determine the hidden

process responsible for the current observation. For example, in the mixture of Kalman filters

model [18] (see Figure 3.1, upper-right) the discrete switch variableSt determines which matrix

At should be used by the dynamics equation at timet. Note that the switch variable follows a

Markov chain. This model is sometimes referred to as the Switching Linear Dynamical System

(SLDS). Another approach is to keep the dynamics equation linear and time invariant, but to

relax these conditions for the observation equation. Such amodel was proposed in [26] (see

DAG in Figure 3.1, lower-left) and has an interesting motivation. The y vectors represent
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sensors, while thex vectors are moving targets that need to be tracked. Since oneis uncertain

about which target is detected by any of the sensors, it is sensible to build aC matrix for each

existing possibility.

Factorization refers to transforming a discrete state variable into a cross product of factors,

each linked to an a priori independent hidden process. In Figure 3.1, lower-right, we give

the DAG of the Factorial Hidden Markov Model (FHMM) [9], a model that uses the idea of

factorization to generalize the HMM. The FHMM shares the same complete-data probability

distribution as the HMM:

p(S1:T ,y1:T) = p(S1)p(y1 | S1)
T

∏
t=2

p(St | St−1)p(yt | St) (3.6)

However, this time each state variableSt is represented as the cross product of a set of discrete

state variables (i.e. has a factorised representation):

St = S(1)t ⊗S(1)t ⊗ ...⊗S(M)
t (3.7)

Each of theseM state variables can take one ofK(m) values. It is also natural to consider that

each of them evolves a priori independently of the others:

p(St+1 | St) =
M

∏
m=1

p(S(m)
t+1 | S(m)

t ) (3.8)

The particularity of the FHMM, is that at any time stept, the observation depends on all state

variables. For instance, if the observed probability distribution is a Gaussian, then its mean

may be a linear combination with weights given by the states of the M discrete variables. The

model has been successfully used for modeling a collection of musical pieces in [9].

In contrast to the basic SSMs (LDSs and HMMs), performing exact inference in all the gener-

alizations presented above is computationally intractable [14]. Theoretically, the same type of

recursive equations can be applied, but this requires keeping track of a number of terms which

grows exponentially with the number of time steps in the analysed sequence. The reason for

this exponential growth is that all possible switch settings need to be taken into account.

Luckily, approximate inference methods have been formulated in order to obtain tractability.

Variational inference [9, 8], Gaussian sum approximations[1, 18, 12, 2] or Rao-Blackwellised

particle filtering [17] are probably the most important solutions so far. The main idea behind

variational inference is to optimize the parameters of a simpler computationally tractable dis-

tribution that approximates the computationally intractable original distribution [16, §33]. The

parameter optimization is done by minimizing the Kullback-Leibler divergence between the
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approximated and the original distributions. The key of Gaussian sum approximation is to

keep the number of terms needed at each time step constant. Wewill return to this method

in the following section. Rao-Blackwellised particle filtering 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 disadvantage of the probabilistic dynami-

cal models discussed was their lack of flexibility. We have also presented two solutions, switch-

ing and factorization, also noting that they come at the costof computationally intractable exact

inference. The Factorial Switching Linear Dynamical System (FSLDS) [27, 22, 24] has been

especially designed to address this lack of flexibility. Themodel has proved its ability to pro-

duce accurate inferences in the baby monitoring application.

As hinted in Chapter 2, there are a number of assumptions to bemade in order to build a model

for the condition monitoring task [22]. First, it is considered that each baby has its own normal

dynamics. Furthermore, we assume that normality has a stationary behavior for each baby.

Another assumption is that the dynamics of the known artifactual or physiological events is

independent of the patient. For instance, we presume that all blood sampling events share the

same dynamics irrespective of the baby.

In the following, we will discuss how the FSLDS solves the physiological condition monitoring

task. We begin by giving the structure of the model. Then, training the FSLDS is explained

emphasizing the importance of the calibration stage. In theend of 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 factorization ideas with the advantages of

autoregressive processes to model baby monitoring. In the traditional Switching Linear Dy-

namical System (SLDS) [26], the discrete states evolve according to Markovian transition

probabilities,p(st | st−1), and determine which set of parameters is used by the dynamics and

observation equations at the current time step. The joint distribution of such a model is:

p(s1:T ,x1:T ,y1:T) = p(s1)p(x1)p(y1 | x1,s1)
T

∏
t=2

p(st | st−1)p(xt | xt−1,st)p(yt | xt ,st) (3.9)
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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 monitoring there is a large number of

factors influencing the dynamics of the system. In fact, the union of all the distinct artifactual

or physiological events forms the set of factors. We have already seen in Chapter 2 that even

enumerating the possible events is a challenging (or even impossible) task. Moreover, in the

SLDS model above we would need a switch variable that can takeas many values as the number

of distinct combinations of factor settings. Since this would have made inference awfully slow,

the solution was to use a factorized representation of the switch variable. If all those discrete

factors are assumed to be a priori independent, the transition probabilities can be written as:

p(st | st−1) =
M

∏
m=1

p( f (m)
t | f (m)

t−1) (3.10)

There is also an interesting interpretation for the discrete factors and continuous hidden states

in the FSLDS model for baby monitoring (see Figure 3.2). Factors can be either linked to

the physiology of the patient (e.g. bradycardia) or to artifact (e.g. incubator open, blood

sample). At the same time, the continuous hidden state dimensions can be either associated

with the true values of the channels or with artifact. Also note that artifactual factors can affect

only artifactual states. It is important to keep track of theartifact too, because this allows an

inspection of its patterns.

The previous paragraph has hinted a valuable representational choice that is permitted by the

structure of the FSLDS. For each of the measurement channels, there is precisely one visible

dimension in the observation vector at timet, yt , and there are one or more hidden continuous

state dimensions in the state vector at timet, xt . The goal is to increase the capability of the

system to keep track of the “true” physiological signals. Inaddition, the dynamics matrices,A,
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and dynamics noise matrices,Q, are chosen to have a “block diagonal” structure [24]. This is a

great advantage, since we have seen that the set of availableobservation channels usually varies

from baby to baby. Further benefits of this representation will surface 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 part of the regimes in the data can

be interpreted. In other words, annotated intervals for various known factors (e.g. bradycardia,

incubator open) are available. The benefit is that when the hidden switch state is known, we can

condition on it, making learning equivalent to the one in a regular LDS. If the annotated data

hadn’t been available, the entire FSLDS could have been trained by EM, in a similar fashion to

the training of the switching models described in the previous section.

Furthermore, having labeled data allows us to learn the transition probabilities just by counting

the number of transitions from one state to the other. In [22], the assumption that transitions are

allowed only between normality and any other factor is also used for the purpose of reducing

computational expense.

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

for each switch setting. The question now is if it is sensibleto do a separate training for each

possible switch setting. The answer given in [24] is no. It isalways the case that some factors

“overwrite” others. For example, if an instance of bradycardia occurs while a blood sample is

taken from the baby (and consequently the heart rate readings have ceased), we would not be

to detect it. In addition, normality is overwritten by any other factor and a dropout (i.e. a factor

for the probe disconnection event) overwrites everything else.

Table 3.1 structures the overwriting ordering for the factors and channels used in this MSc

project. The list of factors includes a dropout factor, fourknown factors (Blood Sample, In-

cubator Open, Temperature Probe Disconnection and Bradycardia), a factor for Normality and

one for Abnormality. Since it is hard to manage all possible events that may occur in the

physiological condition monitoring problem, the solutionproposed in [22] was to use a factor

generically called ”Abnormal” or the ”X-factor”. This factor is supposed to handle every devia-

tion from normality other than the ones modeled by the known factors enumerated above. Note

that the Abnormal factor can affect all the measurement channels, including the ones which are

not directly related to the baby’s physiology like the incubator’s temperature.

Once we have established the general framework, we continuewith explaining the training

procedure for the LDSs obtained by conditioning on the switch settings.



Chapter 3. Background 19

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 • • •

Temp Probe Dis • •
Incubator Open • • • • • • •

Bradycardia •
Abnormal • • • • • • •
Normal • • • • • • •

We begin by analyzing the dynamics under the normal regime. Technically, normality corre-

sponds to the LDS obtained when all the other factors are off.This stage of learning is called

calibration and needs to be performed for each baby. In fact we would not beable to pro-

duce accurate inferences about a certain baby’s condition unless wecalibratethe FSLDS using

an interval of normality from that baby. Calibration is doneseparately on each observation

channel,

The dynamics parameters for all the observation channels are obtained from training autore-

gressive processes. The parameters may be further tuned by EM updates. Since the channels

are inherently different, the types of processes to best model each of them are also different.

For measurements like heart rate (HR) or blood pressures (BSand BD), the modeling approach

was to consider that the observations are the sum of a slowly fluctuating baseline,bt , and a high

frequency signal,xt [24, V.C]. In terms of AR processes, we might have anAR(p1) signal and

anAR(p2) baseline:

xt −bt ∼ N(∑p1
k=1αk(xt−k−bt−k),η1),

bt ∼ N(∑p2
k=1 βkbt−k,η2)

(3.11)

whereη1 andη2 are the noise variances. For example, appropriate choices for the heart rate

(HR) channel are using anAR(2) signal and anARIMA(1,1,0) baseline. The corresponding

state-space representation for the HR channel is:

xHR
t =















xt

xt−1

bt

bt−1















, AHR =















α1 α2 1−α1 −α2

1 0 0 0

0 0 β1 β2

0 0 1 0















(3.12)
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QHR =















η1+η2 0 0 0

0 0 0 0

0 0 η2 0

0 0 0 0















, CHR =
(

1 0 0 0
)

(3.13)

where we keep the usual LDS notation, but have added theHRsuperscript to indicate that those

are only the blocks corresponding to HR measurements and notthe whole matrices used by the

model. The oxygen saturation (SO) and the incubator’s humidity (Incu.Air Humidity) are well

modeled by directly fittingAR(1) processes. AnARIMA(1,1,0) model is used for each of the

temperature channels (TC and Incu.Air Temp). Summing up, the main application presented

in Chapter 4 and evaluated in Section 5.2 uses 7 observation channels which are represented

by 18 hidden “true” state dimensions.

After training normality, we can use this information to assist learning dynamics under known

factors. Some of these factors (e.g. blood sampling) are associated with extra “artifactual”

hidden state dimensions. As mentioned before, they allow the system to keep track of the

patterns that appear under artifact. Counting these statesresults into a total of 23 hidden state

dimensions for our application. The details of learning dynamics 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 approximate inference in the gener-

alizations of the SSM. For the FSLDS, filtering has been performed for both Gaussian sum

approximation and Rao-Blackwellized particle filtering [22]. Since the results of the former

have been better, we will only use this method in the auto-calibration tests.

The Gaussian sum approximation we have employed has been proposed in [18]. At every time

step, we are interested in the following values

x j
t|t = E[xt | y1:t ,St = j]

V j
t|t =Cov[xt | y1:t ,St = j]

Mt|t( j) = Pr[St = j | y1:t ]

(3.14)

where a subscript notation of typet1|t2, means computing the statistic at timet1 based on the

sequence of measurements 1 :t2.

The main idea of the method is to keep at any time step a constant number of terms, equal to

the number of states. If the system hasM states, then propagating the Kalman equations one



Chapter 3. Background 21

step forward producesM2 terms of the form:

xi( j)
t+1|t+1 = E[xt+1 | y1:t+1,St+1 = j,St = i]

Vi( j)
t+1|t+1 =Cov[xt+1 | y1:t+1,St+1 = j,St = i]

Mt+1|t+1(i, j) = Pr[St+1 = j,St = i | y1:t+1]

(3.15)

where the notationi( j) indicates that the state at the current moment isj and that at the previous

moment the state wasi. A collapsing procedure is now applied to reduce the number of terms

back toM. This simple method is calledmoment matching. We just fix j, pickxi( j)
t+1|t+1,V

i( j)
t+1|t+1

andMt+1|t+1(i, j) for all M values ofi and compute the unconditional momentsx j
t+1|t+1 and

V j
t+1|t+1. It can be shown that a Gaussian distribution having these moments is the nearest

Gaussian to the original distribution in terms of Kullback-Leibler divergence [13].



Chapter 4

Building Classifiers

This chapter explains our solutions for automating the calibration stage required by the FSLDS

for physiological condition monitoring. As detailed in theprevious chapter, the calibration

stage consists of training the parameters corresponding tonormal dynamics. In order to do

this, an interval that correctly reflects this regime needs to be found for each baby. In Chapter

2, we have defined normal variation as a period satisfying twocriteria: (a) the baby is in a stable

condition (i.e. there is no evidence of any kind of pathologyor of other types of physiological

events) and (b) all the analysed measurement channels are free of artifact. Our primary goal is

to automatically find such an interval.

The general approach we took for solving the auto-calibration task was to build a binary clas-

sifier able to predict whether a period of monitoring data is normal or not. For convenience, we

will now define the Non-Normal class which will contain all the intervals that are not normal1.

Section 4.1 shows the main results of the exploratory data analysis undertaken. The next part,

Section 4.2, explains how we combine the existing labeling with clinical knowledge in order to

obtain a detailed problem formulation for our task. Section4.3 discusses various approaches

for doing feature selection. The final section of the chapter, 4.4, explains how we have chosen

our classifiers and how we set up the tests in accordance to thequantity of data on hand.

4.1 Exploratory Data Analysis

While Chapter 2 has analysed the physiological monitoring data from a medical perspective,

the current section does the same thing from a data mining perspective.

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

22



Chapter 4. Building Classifiers 23

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. 3rd centile 97th 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 from fifteen premature born babies at Edin-

burgh Royal Infirmary. All the 360 hours of monitoring data will be used in our experiments.

The babies were around 24 to 29 weeks gestation and aged 1 to 16days post-natal (However,

this kind of information is available for only thirteen of the patients.). Manually made expert

annotations are available for five known factors (Bradycardia, Blood Sample, Incubator Open,

Temperature Probe Disconnection and Transcutaneous ProbeRecalibration) and for the Abnor-

mal factor [24]. As in [22, 24], due to the scarcity of examples in the dataset we will not use the

Transcutaneous Probe Recalibration factor in any of the following experiments. In addition,

one period of Normal data is highlighted for each baby. Thesecarefully chosen intervals have

been used up to now to “manually” calibrate the FSLDS.

The data has been recorded on a second-by-second basis and the set of measurement channels

varies from baby to baby. The motivation is that according totheir doubts about the health con-

dition of each baby, the medical staff decide which channelsshould be monitored. Dropouts

can appear on all the observation channels evaluated in the project and there is no specific

annotation for them. However, they can be easily detected bya trivial inspection of the data.

A sequence of zeros on any channel other than temperature measurements indicates a dropout

on that channel. For temperature channels the dropout valueis 20 ◦C. We will return to the

problem of handling dropouts in Section 4.4. It is also important to mention that we will be

working with an already preprocessed version of the data. Preprocessing consisted in smooth-

ing the incubator humidity measurement, a procedure neededin order to correctly train the

autoregressive process for this channel (i.e.AR(1)).

Table 4.1 presents a few significant statistics about our data. Counting the number of incidences

of each factor, we notice that factors such as opening the incubator and abnormality are far

more frequent than taking a blood sample or a disconnection of the temperature probes. We

also note that the mean durations of the various events are quite different as well. A much

more important information is revealed by inspecting the standard deviations and the 3rd and
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97th centiles. Although artifactual events always respect the same patterns, there is a great deal

of variability in their duration. The consequence is that the feature extraction task (Section 4.3)

becomes more challenging.

We also know that a period for which there are no annotations is automatically considered a

period of normality. Thus we can compute the total duration of normality in our data, which

is 283 hours (79% of the total 360 hours). Note that this computation cannot be performed by

summing up the total durations of the factors in Table 4.1, since there is a significant overlap

between factors.

The original plan was to use another dataset of physiological monitoring measurements, called

Neonate [5], for validation purposes. It consists of 83 measurement sequences recorded from

sixteen premature infants for a total of around 363 hours of monitoring data. However, major

problems such as a fairly different set of observation channels and annotations available only

for normality prevented us from using the Neonate data in this project.

4.2 Finding an appropriate problem formulation

This section is dedicated to explaining the most important design choices made for building

the auto-calibrated inference system. We will begin with problems related to the proper length

of the intervals we want to classify. A special accent is thenplaced on creating a more useful

labeling for our task. This is also closely related to picking the appropriate set of measure-

ment channels. In the final part of the section we assess the superiority 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 normality from continuously recorded data,

we have to begin by choosing an appropriate length for these intervals. Given that there are no

scientific grounds to opt for sections of variable length, wechose to utilise only fixed length in-

tervals. Moreover, for simplicity, no overlapping is permitted between the intervals. However,

this approach has its unavoidable disadvantages. Since themeasurements are literally chopped,

we often split the continuous events between different fixedlength intervals. The effect is that

the quantity of information provided by the event’s patternis seriously limited in such cases.

The proper choice for the duration of an interval is another aspect that needs to be discussed.

The ideal length has two satisfy to conflicting requirements. First, the period should be long

enough for the purpose of having autoregressive coefficients accurately 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 means that the chance of finding such periods

free of artifact severely decreases. The fifteen annotated Normal intervals have extents varying

between 15 and 40 minutes, with an average of approximately 26 minutes. Furthermore, the

(weighted) average of an event’s duration is around 3 minutes. Putting all this information

together, choosing a length of 15 minutes (i.e. 900 seconds)seems to be a reasonable choice.

4.2.2 Factors and Channels

Examining our annotations, we have concluded that we can useat most four known factors

(Bradycardia, Blood Sample, Incubator Open and Temperature Probe Disconnection) to assess

the performance of the FSLDS.

We now return to the information summarized in Table 2.1. It indicates for each known fac-

tor, which are the channels influenced by that factor. In other words, the table points out the

channels which need to be observed in order to infer the presence or absence of the known

factor. Consequently, consider the union of all the channels corresponding to the four factors

of interest:

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

This set is the necessary and sufficient set of channels that need to be observed in order to set up

a FSLDS capable to infer the four discussed factors. Our original problem of finding an interval

of normality by looking at all the available channels for a baby has just reduced to looking at

all the channels enumerated above. Note that this does not imply that all the channels in the

set above are on hand for all the babies. One may also notice that introducing an observation

channel not influenced by any factor in the FSLDS will have no effect on inferences because

of the block diagonal structure of theA andQ matrices (see Section 3.2.2).

Another useful observation is that the set of known factors we plan to infer coincides with
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the set of known factors that can influence the set of channelswe have just determined. This

is because the fifth available factor, Transcutaneous ProbeRecalibration, cannot affect any of

these observations. However, the Abnormal factor can influence any channel and must be taken

into account. All this information is summarized by Table 4.2.

4.2.3 Interval-Based vs. Channel-Based Approach

To this point, we have found the set of factors we want to monitor, the seven channels of in-

terest, the five factors (four known plus the Abnormal factor) that affect those channels and

the length of intervals. With all this into place, the following paragraphs introduce two clas-

sification approaches: a straight forward “interval-based” classification and a more elaborate

“channel-based” classification. We then explain why the second approach was favored.

In an “interval-based” approach, an interval of monitoringdata on all seven channels of interest

is tested for normality. In other words, for a selected period of fifteen minutes we look at all

the channels and make a single prediction referring to all ofthem. There is also a simple way

to label an interval. If its intersection with any period marking the presence of any of the five

factors is the empty set, then the interval is labeled as being Normal. On the other hand, if at

least one of the factors has a non-empty intersection with the interval, it will be assigned to the

Non-Normal class.

The “channel-based” approach does a separate classification for each channel. In other words,

we predict normality at channel level. For instance, questions like “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 interval’sintersection with any period marking

the presence of any of the factors listed in the right column of the table is the empty set, then

the interval is labeled as being Normal. On the other hand, ifat least one of the factors on this

list has a non-empty intersection with the interval, it willbe assigned to the Non-Normal class.

In fact, we have broken our classification problem into sevensmaller classification problems,

one for each measurement channel.

Our reason for pursuing the “channel-based” approach is that it makes a better use of the

(limited) amount of data on hand. In the first approach, an important quantity of normal data

is wasted during the labeling procedure. The reason is that it is often the case that during

a fifteen minute period, only a factor not affecting all channels is present. According to the

rules above, the interval will be assigned to the NonNormal class. However, let us assume

the factor was bradycardia. Such an event affects only the heart rate measurements. From

different point of view, this means that all the other channels were evolving normally during

this period. Summing up, we have just lost possibly valuableinformation about normality on



Chapter 4. Building Classifiers 27

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 observation about our preferred “channel-

based” approach. Note that when active, the Incubator Open and Abnormal factors may not

affect the whole set of factors they can influence (the ones given in Table 2.1), but only a subset

of them. Our solution was to look at all available channels before making our predictions, even

if we follow a “channel-based” approach. This aspect will bereiterated in Section 4.4.

4.3 Feature extraction

It is beyond doubt that extracting good features is an essential requirement for the success of

any classification problem. For auto-calibration task there are two main difficulties that need

to be dealt with.

First, we are working with time series and rely on annotations signaling occurrences of a num-

ber of events. Since there is no way to control the distribution of those events in time, we do

not know when they might start or end in our selected fifteen minute intervals. Even worse, by

“chopping” the monitoring data into fixed length sections, we have often strongly altered the

factors’ patterns.

Second, there is a significant amount of variability in the patterns of the known factors. Ta-

ble 4.1 provides strong evidence with respect to the distribution of events’ duration. In addition,

other sources of variablity are the magnitude of the events (see the examples of Bradycardia

in Figure 2.2) or the correspondence between the median value of normality and the levels of

artifactual measurements (see the examples of Blood Samplein Figure 2.4).

Our first efforts were directed to building a baseline set of features for each channel. The results

of this process are summed up in Table 4.3 and will be clarifiedbelow.
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Normal heart rate (HR) measurements usually display a low amplitude high frequency fluctu-

ation around a slowly changing baseline. An event affectingthis channel will generally result

into a higher variance, so we picked the standard deviation as a feature. The level of the base-

line heart rate signal is captured by the median feature. In order to detect bradycardia, we have

chosen to record the difference between the minimum and average values of the observations.

The most common event influencing blood pressure measurements (BS and BD) is taking a

blood sample. The difference between the maximum and medianvalues of these channels has

been experimentally found to capture such variations. The oxygen saturation (SO) channel’s

dynamics can be recorded by computing the median and the difference between the median

and the mean of the observations. Moving to the core temperature (TC) measurements, we

are interested for these values to stay within some acceptable lower and upper limits. Thus

we pick the minimum and maximum values of the channel as features. The standard devia-

tion also offers valuable information about the baby’s condition. When the incubator’s doors

are opened we usually see a drop in the humidity measurements(Incu.Air Humidity). Conse-

quently, we keep track of the standard deviation of the channel and of the difference between

the median and minimum values of the channel. A similar rationale is applied for the incubator

temperature channel (Incu.Air Temp).

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

interesting are: using the parameters of an LDS trained on the selected interval as features and

inputting information like gestation or post-natal age into the 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 measurements, newly built labeling

methods and feature extraction procedures are put togetherin the “channel-based” classification

approach. The option for basic “off-the-shelf” classifiersis also justified.

Labels and feature spaces

In Section 4.2.3, we made clear the fact that, even if we follow the “channel-based” approach,

we still have to look at all the measurements of interest before performing the classification.

It is actually the labeling which crucially differentiatesthe way we make our predictions for

various channels. In other words, two classifiers corresponding to different channels might

be working in the same feature space, but will use different definitions for the Normal and

Non-Normal classes. Furthermore, every time we look at a channel the 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 observation channels of interest determined in

Section 4.2.2. Unfortunately, we have to face the problem that there are babies for whom we

do not have all these measurements on hand. The problematic channels are shown in Table 4.4.

Our solution was to always input as much information as possible into our classifiers. Theoret-

ically, we are making a Missing at Random (MAR) [15] kind of assumption about the absent

measurement channels. However, this means we will have to train separate classifiers that work

on different feature sets. Inspecting Table 4.4, we conclude that for the baseline set of features

there are four types of classifiers. An inconvenience of thissolution is that the amount of data

available to test and train classifiers is reduced, especially for babies 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 (baseline) set of features, dropout mea-

surements may raise serious problems. However, as hinted inSection 4.1, they can be trivially

detected. Since we clearly don’t want to calibrate the FSLDSusing an interval that contains

dropouts, we will dispose of periods containing such artifact from the very beginning. Alter-

natively, we could have used numerical interpolation to eliminate some of the shorter dropout

sections.

“Off-the-shelf” classifiers

The classifiers employed for the task were logistic regression, Naı̈ve Bayes and decision trees.

These choices are mainly motivated by the simplicity, the easier interpretation of results and

the reduced number of parameters associated with these classifiers. Furthermore, due to the

amount of data on hand, we concluded that we could not afford keeping a separate validation
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set.

Logistic regressionis a probabilistic discriminative linear classification model [3, §4.3]. In

our work we have used only the binary classification model, which implies using the logistic

sigmoid function,σ. If the two classes are denotedC1 andC0 (notations according to the values

of the targets: 1 and 0 respectively), then the idea is to model the posterior probability of class

C1 as:

p(C1 | x) = σ(b+wTφ(x)) (4.1)

whereφ(x) is a vector of basis functions (in our implementationφ(x) = x). In the maximum

likelihood approach, the optimization of the parameter set, {w,b}, cannot be performed explic-

itly [3, §4.3.2]. A recommended solution is the Iterative Reweighted Least Squares Algorithm

(IRLS) [3, §4.3.3]. Furthermore, convergence guaranties are given by the quadratic form of the

error function.

We have also run comparative tests with the Bayesian versionof logistic regression. Since

exact Bayesian inference is intractable [3, §4.5], we are using a Laplace approximation for the

posterior distribution over the parameter set. The Laplaceapproximation is a Gaussian with

mean given by the MAP solution and covariance equal to the curvature of the Hessian also

computed at the MAP solution. We will sample parameter sets from this Gaussian and then

average the predictions over these samples.

Näıve Bayesis a generative probabilistic model. The key simplifying assumption of this

method is that, given a class label, all the attributes are conditionally independent. For the

present binary classification task, we have used the binomial distribution to model prior class

probabilities and univariate Gaussians for each of the attributes. Thus, each of the two class

conditional probability distributions is written as a product of Gaussians.

Decision treesare a very intuitive class of discriminative probabilisticmodels. They create

a tree by recursively partitioning the feature space in order to maximize a class purity score.

The size of this tree is a very important measure of model complexity. Various tree building

algorithms have been developed, but in this project we are using a method relying on the

entropy criterion, C4.5. The entropy criterion [11, §10.5]finds a split such that the average

entropy computed from the two resulting branches is minimized.

In order to avoid over-fitting, all the experiments in the next chapter are performed in a 3-fold

cross-validation setting. For each of the three tests, ten babies are used for training and the

remaining five are left for testing. More precisely, the three test sets are: babies 11 : 15, babies

1 : 5 and babies 6 : 10.
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Due to the complication of needing classifiers trained on different sets of features, the number

of classifiers to be trained will be different than three eachtime we perform a cross-validation

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

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

Let us consider our first fold having the test set consisting of babies 11 : 15. Because of channel

availability we need one classifier for babies 12 : 14, one forbaby 11 and another one for baby

15, for a total of three classifiers only for this fold. A similar rationale produces two more

classifiers for each of the other two folds.



Chapter 5

Evaluation

This chapter describes the experiments done in order to assess the performance of the auto-

calibrated FSLDS for neonatal condition monitoring. We have decided that it would be sensible

to separate the evaluation task into two phases. First, we measure the success of the classifiers

built in Chapter 4 and show our results in Section 5.1. The second phase of our analysis

consists of comparing the quality of the inferences produced by the auto-calibrated FSLDS to

the inferences obtained by the manually-calibrated system. The 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 assessing the classifiers. As described in

Section 4.4, all the experiments are performed in a 3-fold cross-validation setting. The main

goal is to find a good set of features together with an appropriate classifier.

The quality of our predictions is measured by two criteria. First, we draw Receiver Operating

Characteristics (ROC) curves for each employed classifier.A ROC curve shows the True Pos-

itive Rate (TPR) as a function of the False Positive Rate (FPR), when one varies a threshold

applied on the classifier’s outputs [6]. A widely accepted method for comparing classifiers

using ROC curves is to compute the Area Under the ROC curve (AUC). The value of the AUC

is the first criterion, with the observation that the larger the better.

However, our primary objective is to extract some intervalsof normality from the data. This

means that we do not necessarily look for the most accurate classification between Normal

and Non-Normal intervals. In other words, it is sufficient for the employed classifiers to deliver

some intervals that we can confidently consider to be typicalfor the Normal dynamics of a baby

and then utilize them to calibrate the FSLDS. This consideration endorses our second criterion.

32
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We will compare the classifiers based on how well they answer the following question:“On

a per baby basis, for how many positive instances (i.e. Normal intervals) does the classifier

output a posterior probability of belonging to class Normal, P(C = Normal | x), higher than

the largest posterior of a negative instance (i.e. Non-Normal interval)?”. For clarity, we will

call this criterion the Interval Ranking Criterion (IRC).

In the following, we commence by discussing the results obtained using the baseline set of

features (Section 5.1.1) and then we compare those with the ones obtained 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 primarily relying on medical considerations

concerning the seven channels of interest. A summary of thisset can be found in Table 4.3.

Keeping the features fixed, we now compare the performance ofthree off-the-shelf classifiers:

logistic regression1, Naı̈ve Bayes and a decision tree (C4.52). Since the features we are using

display intrinsically different ranges and variances, from this point on we will be exclusively

working with standardized data (i.e. zero mean, unit variance). It is also important to mention

that the decision tree was applied with its default parameters.

Since we have settled on having a different classification task for each channel, we naturally

present our results separately as well. We illustrate the performance of heart rate classification

in Figure 5.1 and Table 5.1, of systolic blood pressure classification in Figure 5.2 and Table 5.2

and of core temperature classification in Figure 5.3 and Table 5.3. A summary regarding all

seven channels of interest is given in Table 5.4. Nevertheless, the observations made in the

following are valid for all seven classification tasks.

The general conclusion is that logistic regression always outperforms the other two methods

on both criteria of comparison. A distinguishing observation about logistic regression is that

it has always found, for each baby, at least one positive interval with higher posterior proba-

bility of being normal than any negative instance. In any classification problem, it is useful to

understand which attributes are relevant. With logistic regression we only have to inspect the

magnitude of the learnt weights for each attribute. For instance, in the classification of the HR

channel we have discovered that features likemin(HR)−mean(HR), standard deviation(TC)

andstandard deviation(Incu.AirTemp) are most relevant. On the other hand, in the classi-

fication of the SO channel features likestandard deviation(HR) andstandard deviation(TC)

proved to be the most significant.

1Netlab’s [20, 21] implementation of logistic regression has been 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.

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

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

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) 4 5 0

baby 4 (16 positives) 5 1 0

baby 5 (40 positives) 5 1 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 4 7

baby 13 (21 positives) 3 1 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 1 0

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 0

baby 10 (37 positives) 6 4 0

baby 11 (- positives) - - -

baby 12 (19 positives) 9 6 0

baby 13 (24 positives) 2 2 13

baby 14 (40 positives) 10 11 1

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 5 0

baby 13 (24 positives) 3 3 0

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 Decision tree (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) 4 3

baby 4 (16 positives) 5 7

baby 5 (40 positives) 5 5

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

baby 11 (43 positives) 1 1

baby 12 (14 positives) 8 8

baby 13 (21 positives) 3 2

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

Naı̈ve Bayes offers a somewhat worse performance, clearly limited by the conditional indepen-

dence assumption it places on the attributes. By returning to the information in Table 2.1, it is

easy to see that such an assumption is violated. The table offers evidence that the channels do

not evolve independently. Subsequently, the features we have extracted are not independent as

well.

The decision tree delivers the poorest performance, especially if we analyse the second crite-

rion. An explanation is that due to the inherent instabilityof the method, it was usual to have

some negative instances getting a very high posterior probability of being normal. Moreover,

no parameter optimization has been performed.

So far it has been demonstrated that logistic regression seems to be the method of choice

for our classification tasks. We are now interested to determine if the Bayesian approach on

logistic regression can outperform the standard method. Since exact inference of the posterior

distribution over the parameters is intractable, we use theLaplace approximation as introduced
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in Section 4.43. The number of parameter sets sampled from the posterior distribution was

chosen to be 100. Comparative results for classifying the heart rate intervals are given in

Table 5.5, while for classifying the diastolic blood pressure in Table 5.6. The performance

improvement of the Bayesian approach is minimal. In fact, wedon’t give the ROC curves

because they nearly overlap. In this case, we favor the simpler non-Bayesian logistic regression.

5.1.2 Exploring other features

The variety of choice for tackling the problem of feature extraction is definitely unlimited. This

section discusses two ideas considered to be particularly relevant for our task: using the LDS

parameters as features and using information such as gestation and post-natal age as features.

The experimental results shown in the following are limitedto ML logistic regression. The

primary reason is that Naı̈ve Bayes and decision trees have offered poorer performance in the

previous section, especially on our IRC criterion.

In order to justify the first idea, an explanation of what we mean by LDS parameters is needed.

Calibrating the FSLDS denotes learning the parameters associated to the normal regime. In

terms of our model, the normal regime is an LDS obtained by conditioning the FSLDS on its

switch variable set to the value corresponding to normality. Calibration is precisely the process

of determining the parameters of this LDS. Since getting these parameters characterizing nor-

mality is the ultimate goal of our project, the idea is to use them as features. In other words,

feature extraction from a fifteen minute section on each channel means training an appropriate

autoregressive process followed by EM updates.

We now apply this idea for heart rate classification. Heart rate measurements are modeled as

the sum of a slowly fluctuating baseline and a high frequency signal. Examining the state-space

representation given by Equations 3.12 and 3.13, we can build the following feature vector:

(

α1 α2 β1 β2 η1+η2 η1 r
)

(5.1)

wherer is the observation noise. However, there is problem with applying logistic regression

with this feature set. Since the relationβ2 = constant−β1 holds for all intervals and all babies

(see [24, V.C]), after standardizing the data we will get twolinearly dependant features. This

dependence causes trouble when matrix inversion is performed by the iterative reweighted

least squares (IRLS) algorithm employed for finding the ML solution of logistic regression [3,

§4.3.3]. Our solution was to removeβ2 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) 4 5 2

baby 4 (16 positives) 5 2 2

baby 5 (40 positives) 5 4 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 0

baby 5 (41 positives) 20 10 4

baby 6 (- positives) - - -

baby 7 (- positives) - - -

baby 8 (15 positives) 5 1 0

baby 9 (39 positives) 4 3 7

baby 10 (36 positives) 6 6 0

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



Chapter 5. Evaluation 42

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) 4 4

baby 4 (16 positives) 5 6

baby 5 (40 positives) 5 0

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 andTable 5.7 for logistic regression.

Since the same baseline and signal model is used for the diastolic blood pressure, an analogous

experiment on this channel has produced the results shown inFigure 5.5 and Table 5.8. The

general conclusion is that the LDS parameters are not as goodfeatures as the ones in the

baseline set for the task of discriminating between the Normal and Non-Normal intervals. In

fact, when we have used the LDS features as our only features the performance was clearly

worse.

Due to the nature of ML parameter optimization, adding more features into a logistic regression

classifier should result into an increased likelihood for the training data. However, there are

also issues of over-fitting which might cause inferior performance on a separate test set. This

is exactly what happened when we have tried to add the LDS parameters to our baseline set

of features (e.g. in the case of HR classification for the baseline set we have a log likelihood

L =−2720.2, but adding the LDS parameters we getL =−2693.5 and a poorer classification;

same for BD with values ofL =−1186.7 andL =−1154.7 respectively).



Chapter 5. Evaluation 43

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 5

baby 4 (19 positives) 3 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 1

baby 14 (41 positives) 19 15

baby 15 (- positives) - -
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The second idea was to incorporate other existing information about the baby into our clas-

sifiers. Gestation and post-natal age (i.e. days of life) areavailable for thirteen of the fifteen

babies (missing for babies number 13 and 15). We remain faithful to the approach of using

as much information as possible anytime when we try to predict the probability of an interval

being normal. Comparative performance results are given inTable 5.9 for heart rate classifica-

tion and in Table 5.10 for classifying the incubator humidity channel. As expected, the results

are very similar in both cases. Consequently, we don’t show the ROC curves because they

severely overlap. In this case, it is useful to look at the weights associated by the logistic re-

gression method to gestation and post-natal age. Comparingthose to the ones of the attributes

in the baseline set, we saw they have never been amongst the relevant ones (i.e the ones having

weights with large absolute values), regardless of the classified channel or the analysed baby.

In the end of the section, we emphasize the fact that we do not need to fix a threshold in order

to use any of the classifiers above in practice. This is because we are not directly interested in

an excellent classification between Normal and Non-Normal instances on all channels. Since

we just need some Normal intervals for each observed channel, we simply sort the probabilities

for all the intervals corresponding to a baby and pick the topk predictions.

Based on the experiments presented so far, we can safely claim that the baseline set of features

we have extracted is an appropriate choice for our classification task. In addition, logistic

regression delivers a good performance on this feature set,especially on our tailored criterion,

IRC. Concluding, we pick the classifier consisting of the baseline set of features and logistic

regression as our choice for the tests done on the auto-calibrated model in the following section.

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

This section is dedicated to a comparative analysis betweenthe inferences produced by the

manually-calibrated FSLDS and its auto-calibrated version4. As previously explained, we set

up a FSLDS able to infer the posterior probability distribution for four hidden factors: Incubator

Open, Bradycardia, Temperature Probe Disconnection and Blood Sample.

The quality of the inferences will be assessed by the same twocriteria as in [22, 24]. The

first one is the AUC already introduced in the previous section and the second one is the equal

error rate (EER). The EER is the error rate computed for the threshold value at which the

false positive rate (FPR) is equal to the false negative rate(FNR)5. A graphical interpretation

of the EER would be that it is the error rate corresponding to the intersection of the ROC

4All the experiments in this section made use of John Quinn’s code for the FSLDS [23]. This has also implied
employing the Bayes Net Toolbox for MATLAB [19].

5FNR= 1−T PR, where TPR is the true positive rate
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curve with the diagonal connecting the upper-left and lower-right corners of the ROC plot.

The EER is in fact proportional to the distance between this intersection point and the upper-

left corner by a factor of
√

2. Analysing the EER is particularly useful when the number of

instances in the two classes is unbalanced. Keeping in mind that the statistics are computed for

a total of 360 hours of monitoring data and considering the total duration for the four factors

of interest (Table 4.1), we immediately see that computing the EER is highly recommended in

our problem. In addition, computing the EER can be regarded as a principled way to select a

good threshold from an ROC curve. Since the EER is an error, the smaller 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 described in [24] and all the 360 hours

of physiological monitoring data on hand. The experiment isdone with three-fold cross-

validation: ten babies are used for training and the remaining five for testing. For the mo-

ment, the calibration system selects the only top prediction outputted by the classifier (i.e. the

instance with the highest posterior probability) and uses this interval to learn the normal dy-

namics. As argued in Section 3.2.3 the inference method employed is 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 DisBlood Sample

Manual
AUC 0.89 0.87 0.90 0.92

EER 0.24 0.17 0.13 0.16

Auto
AUC 0.89 0.85 0.86 0.91

EER 0.21 0.18 0.18 0.20

Random
AUC 0.75 0.76 0.82 0.88

EER 0.33 0.27 0.22 0.24

approximation. A single run processing all the data for the fifteen babies took 7.5 hours to

complete.

In Figure 5.6, we plot the ROC curves corresponding to the four inferred factors and for three

methods of doing calibration: Auto, Manual6 and Radom. The last one will be explained be-

low. The Values of the AUC and EER are organized in Table 5.11.The quality of the inferences

produced by the auto-calibrated FSLDS is very close to the one of the inferences produced by

the manually calibrated version for three of the factors: Incubator Open, Temperature Probe

Disconnection and Blood Sample. Luckily, for the remainingfactor, Bradycardia, the AUC val-

ues are identical in both cases. Moreover, for this factor the auto-calibrated FSLDS manages

to outperform the manual version in terms of EER. At the same time, the largest difference be-

tween the quality of manual and automatic inferences is on Temperature Probe Disconnection.

We will return to this issue below.

Until now we have seen that the auto-calibrated system offers a comparable performance to

the manually-calibrated one. The question to be asked is what has been gained by employing

a classifier that predicts normality with respect to a randomcalibration procedure. This im-

plies sampling some arbitrary interval from the analysed baby and using it to learn the normal

dynamics.

In order to perform this experiment a number of design choices need to be considered. We still

kept the fifteen minute interval length, but added the constraint that at least one known factor

is present in any randomly selected interval. Because the average event durations are clearly

shorter than fifteen minutes and considering the effects of ”chopping” the data our constraint is

reasonable. On the other hand, intervals containing only dropout measurements on any channel

have been ignored. Furthermore, the temperature and humidity channels often display constant

values for long periods of time. The primary cause is the quantization performed by the mea-

6The results obtained with the manually-calibrated FSLDS are not 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

Manual
AUC 0.87 0.90

EER 0.17 0.13

Manual + jitter
AUC 0.87 0.91

EER 0.17 0.13

Auto
AUC 0.85 0.86

EER 0.18 0.18

Auto + jitter
AUC 0.86 0.84

EER 0.18 0.20

surement devices. Since we don’t want to train the AR processes on constant intervals, we have

added jitter on these channels (Gaussian noise - zero mean, 0.02 variance due to a quntization

stepq= 0.1). In addition, if the trained AR coefficients did not satisfy the convergence criteria

(e.g. | α1 |< 1 for anAR(1) process, see [4, §3.4.4]), then the sample is rejected. If not, our

experiments have shown that the inferred covariance of the hidden state (V j
t|t in Equation 3.13)

diverges. A number of 10 different sets of samples, one extracted from each baby, have been

averaged to draw the “Random” curve in Figure 5.6.

Our results show that using a classifier predicting normality is clearly superior to randomly

picking an interval when we do inferences for the Bradycardia and Incubator Open factors.

This conclusion is valid for the manual calibration as well.However, for the two remaining

factors, while still noticeable, the improvement is less significant. A possible explanation is

that the random intervals are picked from the current test baby, so they still exhibit a certain

amount of normality.

An interesting observation is that even in both the annotated and the predicted sections of

normality there are some constant intervals on the temperature or humidity channels. We also

added jitter to these intervals and ran inference again. Theresults are presented in Table 5.12.

Only the known factors that can affect the temperature and humidity measurements have been

included. From our results, clear benefits of this procedureare hardly noticeable. Probably, a

more elaborate approach on reducing the effects of quantization on these channels would be

conclusive.

So far, we have been using only the top prediction of our classifier for calibrating the FSLDS.

As an alternative we have experimented picking the top threepredictions. From the previ-

ous section we already know that among the top three predictions there might be some false

positives. At the same time, the increased quantity of data can help towards a better learning
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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 DisBlood Sample

Auto
AUC 0.89 0.85 0.86 0.91

EER 0.21 0.18 0.18 0.20

Auto-3
AUC 0.88 0.80 0.85 0.92

EER 0.23 0.25 0.20 0.17

of the normal dynamics. Naming this procedure Auto-3, we show the summary statistics in

Table 5.13. On average, the performance is lower compared tothe standard auto-calibration

procedure, but clearly better than the random approach.

In the final part of this chapter we illustrate some comparative examples of inferences done with

the manually- and auto-calibrated FSLDS’s for physiological condition monitoring7. The hori-

zontal bars in the lower part of the figures indicate the posterior distributions of factors. Levels

of grey from white to black indicate values from zero to one respectively. In a first experiment

(Table 5.14, Figure 5.7 and Figure 5.8), we see that our two systems perform equally well at

inferring Bradycardia and Blood Sample. The second experiment (Table 5.15, Figure 5.9 and

Figure 5.10) shows how the manual and auto FSLDSs function when the factors overlap. Here,

it is interesting to note that both systems not only detect events with similar accuracy but also

seem to make the same mistakes. In the last one (Table 5.16, Figure 5.11 and Figure 5.12), we

also introduce the X-factor, the factor corresponding to the Abnormal class (see §3.2.2). The

quality of the predictions for Blood Sample is identical forboth calibration methods, while the

automatic system tends to produce more false alarms when inferring the X-factor.

7The 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

Statistic 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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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 125 is 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 125 is in disagreement with the annotator’s opinion.
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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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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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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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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.



Chapter 6

Conclusions and Future Work

The current project has described our approach for automating the calibration stage of the

FSLDS for neonatal condition monitoring. Section 6.1 reviews the key aspects of our solution

and highlights the most important results. Based on those findings, we are able to formulate

some interesting recommendations for extending our work inSection 6.2.

6.1 Conclusions

The main objective of this project was to reduce or even eliminate the need for a manual

calibration stage in the FSLDS for condition monitoring. Our work was divided into two

stages. In a first stage we have built a probabilistic method for extracting sections of normality

from physiological monitoring data. The second stage consisted of assessing the performance

of the auto-calibrated system with respect to its manually-calibrated version.

We chose to extract intervals of normality by employing a binary classifier able to discriminate

between Normal and Non-Normal Sections. Exploratory data analysis (Section 4.1) has re-

vealed some of the main challenges of our task: normality being specific to each baby, known

events displaying variability in patterns, variability inoccurring frequencies and durations,

missing data and uncertainty in the “factor - influenced channel” relationship.

Using summary statistics and knowledge engineering, we articulated our choices for designing

the classifiers. First, we found an appropriate length for the sections to be classified (Section

4.2.1). Then we have justified our choice for a channel-basedapproach of the task. Accord-

ingly, a more relevant labeling for the data was introduced (Section 4.2.3). Afterwards, we

have proposed feature extraction solutions (Section 4.3).Our experiments have shown that a

baseline set of simple features (e.g. means, standard deviations or median values) carefully
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chosen relying on medical considerations is a proper choicefor the problem. With all this in

place, a judicious classifier setup is explained (Section 4.4). The performance of the employed

“off-the-shelf” classifiers (ML and Bayesian logistic regression, Naı̈ve Bayes and decision

tree) has been assessed in a cross-validation setting on twocriteria, including one especially

designed for the task. Analysing the experimental results (Section 5.1), we have concluded that

the combination of the baseline set of features and logisticregression is the best choice for the

auto-calibration problem.

The most important test in this project was running inference in the auto-calibrated FSLDS

for the whole amount of physiological data (Section 5.2). Animmediate conclusion is that the

auto-calibrated FSLDS is clearly successful in uncoveringthe distribution of all four analysed

factors: Brdaycardia, Incubator Open, Temperature Probe Disconnection and Blood Sample.

In a direct comparison with its manual version, our system delivers a marginally better per-

formance at inferring Bradycardia and is almost as good on the other three factors (Figure 5.6

and Table 5.11). From another point of view, our experimentshave shown that employing the

classifier for normality is definitely superior to randomly choosing a data section from the anal-

ysed baby for calibration. In addition, we provide evidencethat randomly selecteded sections

can produce diverging estimates for hidden state variances. Other ideas we have explored are:

jittering channels displaying long periods of constant measurements and selecting more than

one interval for calibration. Plots of inferred distributions obtained by the auto and manually

calibrated FSLDS’s are given. The observation is that both systems 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 for our work. The focus is on ideas for

improving the extraction of normality sections from the physiological monitoring data, but

some recommendations refer to the study of inferences produced by the FSLDS.

In the current project the same dataset has been used for bothtraining the classifier for Nor-

mality and learning the FSLDS. A more rigurous test can be performed if the classifier can be

trained on a separate dataset of the same kind. Moreover, this might allow holding out a valida-

tion set, so more sophisticated classifiers can be utilized.At the same time, more experiments

with Bayesian versions of the classifiers can be done. Our results in Section 5.1.1 also suggest

combining the outputs of different classifiers (i.e. ensemble methods).

We have chosen to select fifteen minute non-overlapping intervals as instances to be tested for

normality. However, many different approaches might be taken. For instance, normality may
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be classified on a second-by-second basis. The idea is to use to use a window centered on the

current time step to select a much longer section from which the features will be extracted.

Modifying our labeling and feature extraction methods might also be required. In addition,

the shape of the window can be used to weight the importance ofthe observations at various

distances from the current time step.

Another idea is a thorough study of the missing data problem.We have seen that measure-

ments on various channels are missing, because clinicians usually select for monitoring only

the channels they consider most informative about a certainpatient’s condition. One might at-

tempt to estimate the values on the missing channels by modeling their probability distribution

conditioned on the data on hand (see [15] for details).

The comparison between the manually- and auto-calibrated FSLDSs has been performed based

on second-by-second inferences. However, it is also practical to analyse only if an event has

been detected or not. Results of such an approach are alreadyavailable for the manually-

calibrated system [22], but not for its automated version. In addition, both the FSLDS and the

classifier built in this project can easily be adapted to include more factors (e.g. transcutaneous

probe recalibration, sepsis).
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