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Abstract—Chronic diseases are major causes of deaths in
Australia and throughout the world. This necessitates the need for
a self-care, preventive, predictive and protective assisted living
system where a patient can be monitored continuously using
wearable and wireless sensors. In real-time home monitoring
system, various biological signals of a patient are obtained
continuously using a mobile device ( smart phone or tablet )
and sent to the cloud to discover patient-speciﬁc abnormalities.
The objective of this work is to develop a probabilistic model
that identiﬁes the future clinical abnormalities of a patient using
recent and past values of multiple vital signs (e.g. heart rate,
blood pressure, respiratory rate). Chronic patients living alone in
home die of various diseases for the lack of an efﬁcient automated
system having prior prediction ability in the irregularities of vital
signs. In this paper, Hidden Markov Model (HMM) is adopted to
predict different clinical onsets using the temporal behaviours of
six biosignals. The HMM models are trained and evaluated using
continuous monitoring data of more than 1000 patients collected
from the MIMIC-II database of MIT physiobank archive. The
best models are selected using expectation maximisation (EM)
algorithm and used in personalized remote monitoring system
to forecast the most probable forthcoming clinical states of a
continuously monitored patient. The scalable power of cloud
computing is utilized for fast learning of various clinical events
from large samples. The results obtained from the innovative
home-based monitoring application show a new approach of
detecting clinical anomalies using multi-parameter trends.

I. I NTRODUCTION
Due to advances in body sensor , wireless sensor and
smart phone technologies and availability of cloud resources
at low cost it is now possible to develop personalized remote
health-monitoring [1] applications with greater ﬂexibility [2].
In modern healthcare monitoring, the data from different
biological signals of a patient are obtained continuously using
wearable sensors and analysed in the cloud [3] to identify
patient-speciﬁc knowledge [4]. The distributed resources of
the cloud simplify the knowledge build up process from
large biomedical data using computationally intensive machine
learning methods [5]. The accurate and early anticipation of
health-related abnormalities [6] is an essential functionality of
a remote monitoring system to support clinicians in diagnostic
decision making [7]. Timely intervention of symptoms is also

978-1-4673-8779-8/16/$31.00 ©2016 IEEE

very important in preventing clinical deterioration before an
emergency situation.
All over the world, chronic lifelong diseases are increasing
with growth of population and already created intensiﬁed
pressure on overall healthcare infrastructure. Recent reports
indicate that hospitals are getting overcrowded and are having
difﬁculties in treating the patient even in emergency situation
due to increasing population. A recent news shows that,
patients (including elderly people aged over 80) in Western
Sydney hospitals waited more than two days in the emergency
department and had to leave without treatment [8]. According
to that report, there was up to 40 hours waiting time on average
to be admitted to the hospital. The capacity in hospitals is
inadequate to make place for all patients. The situation will
become worse for the patients as well as for the healthcare
providers unless a personalized, scalable, real-time, prognostic
home-based monitoring system [3] is adopted. The establishment of continuous clinical event prediction system for disease
diagnosis [9] will also reduce the healthcare cost. It provides
ﬂexibility for patients by allowing them to do regular activities
while biomedical data are continuously collected and fully
relying to remote monitoring system.
Wearable sensors (e.g. Shimmer) with wireless communication capability are available in market at a very low cost. These
sensors are able to collect various vital signs such as heart
rate, blood pressure, respiratory rate, O2 saturation (SPO2 ),
pulse, body temperature and electrocardiogram (ECG) [10].
One sensor can monitor one or multiple biological attributes
(e.g. pulse oximeter can monitor both pulse and SPO2 ). The
measured values of these vitals can be exploited to detect different clinical events (e.g. Tachycardia, Hypotension, Hypoxia
or more than one of these at the same time). For example,
continuous heart rate value above 100 bpm is a sign of
abnormality and known as Tachycardia [11]. Vital parameters
are also correlated in time and space. Such correlations are
sometime patient-speciﬁc and help to predict future clinical
conditions at early stage. The accurate prediction requires the
right interpretation of individual’s vital parameters using past
and current data. This is also beneﬁcial for monitoring systems

in order to avoid unnecessary false alerts.
Traditional hospital-focused model of care neglects monitoring and treating diseases at home. A number of intelligent
monitoring systems exist for clinical abnormalities prediction
for the patients who are conﬁned to hospital beds [12], [13],
[14], but a very few attempts [15], [16], [17] have been made
to develop such predictive system for home that could prevent
and minimize health-related risk at early stage. The monitoring
systems those exist suffer from high false alert rates and
depend on manual observations of vital parameters by the
medical experts after an anomaly is detected. Some of the
developed models can forecast the changes in a speciﬁc vital
parameter with good accuracy [18], [19], however, it remains
a challenge to build these models to monitor and correlate
multiple biosignals while maintaining the interpretability of
the discovered knowledge because biomedical data can evolve
and vary over the lifetime of the system.
In this paper we present a clinical event prediction system
using Hidden Markov Model (HMM) [20] to classify clinical
states for a given observation containing multiple vital signs
well in advance of the actual occurrence of that state. For each
targeted clinical event an HMM is build using the observed
behaviours of multiple vital signs before that clinical event.
Vital signs data are generated as a sequence and have temporal
dependency. The progression of clinical events depend on past
behaviours of multiple vitals. HMM is a suitable model for
learning from such sequential data [15]. The beneﬁt of using
HMM over other machine learning models is its ability to use
temporal trends in a continuous data for classiﬁcation and by
modelling the temporal data as a sequence of state changes.
Therefore, the probability of the clinical episode is not only
dependent on patient’s present vital sign values, but a sequence
of measurements from the past as well.
In the rest of this paper, Section II discusses the related
works in this study and our contributions. Section III describes
the model scenario and its concepts, section IV explains the
technical approaches applied for the model. Section V shows
the experimental results and comparisons. Finally, section VI
concludes this paper.
II. R ELATED WORKS AND OUR CONTRIBUTIONS
The interest in analysing biomedical data has grown over the
last decade. One particular focus is the analysis of correlations
among multiple biosignals generated by wearable sensors for
future abnormality prediction. Several studies have focused on
ﬁnding correlations among different biological signals [21],
[17], [14], [19], [22] such as ECG, blood pressure, heart
rate, respiration and O2 saturation. Some of these systems
are capable of ﬁnding future abnormalities [17], [14] and
irregularities in a speciﬁc vital parameter [23], [18], [24],
[25]. These studies are mostly at theoretical level and still
far behind to implement and apply them at application level.
One of the practical example is BioSign device [26] that uses
stochastic process to model the multiparameter data by fusing
information of ﬁve vital signs. However, this technique does

not have predictive capabilities and can only minimize the time
of occurrence of critical clinical situation.
Machine learning techniques are widely adopted for designing classiﬁer model to ﬁnd clinical abnormalities and to
detect symptoms of various chronic diseases [9]. Examples of
such model include Hidden Markov Model (HMM) [15], [27],
Support Vector Machine(SVM) [28], Neural Network [29],
Topic model [30] etc. These systems can detect abnormalities
and predict future behaviours in one or more vital signs.
The use of cloud computing platform in biomedical data
analysis is also becoming a popular research area. Several
models are developed for analysing and processing large
amount health data such as ECG [31] in the cloud. The novelty
of using cloud for context-aware monitoring and abnormality
detection was described and developed in some recent works
[2], [31] and our previous works [3], [15], [4].
All these contributions have motivated us to develop this
predictive model for abnormal clinical event detection using
pervasive computing that uses machine learning techniques
in the cloud platform. The contributions of the paper are the
following.
1) We develop a probabilistic prediction model that can
determine the clinical nature of a patient using current
and past data of multiple vital signs. Existing systems
can detect anomalies in a single vital sign but ignore
the interactions of multiple vital signs. Our developed
system has the unique capability of using the correlations of many vital signs to detect anomalies, especially
for home-based monitoring. We choose HMM to design
our learning engine as this model perfectly suits for our
problem formulation.
2) We use cloud computing frameworks for HMM learning
and classiﬁcation. We have tested the suitability and feasibility of the model in the cloud through experimental
evaluations and showed that the system does not impose
any additional penalty in terms of time and resources
for learning from large data. Moreover, the utilization
of cloud includes the ﬂexibility of learning from many
vital signs data of a very large number of patients with
various clinical conditions. Therefore, our system has an
exclusive ability of handling a large group of patients
simultaneously using the cloud computing technology.
3) We develop a personalized monitoring system for ambient assisted living (AAL). In real-time classiﬁcation
the continuous vital sign data of a patient are sent
to the cloud using mobile device and the probability
of the occurrence of a clinical event in future time is
continuously computed. In our system, multiple HMMs
can be trained using various clinical cases. Moreover, the
system is expandable in the sense that a new clinical
case can be added with a new HMM training. The
model is more adaptive, because HMM parameters can
be updated with a new set of observations that maximize
its probability. No remote monitoring system exists with
such unique set of capabilities.

III. S CENARIOS AND CONCEPTS
We propose to build an integrated cloud-based assisted
healthcare infrastructure that will add a great advantage to
remote healthcare industry. This section describes the overall
scenarios for the model, the terminologies and the concepts
used to design the model.
/HDUQLQJDQG
FODVVLILFDWLRQXVLQJ
FORXGIUDPHZRUNV

2FFXUDQFHRI
DQRPDORXV
FOLQLFDOHYHQW

0XOWLSOHYLWDOVLJQV

$SDWLHQWZLWKERG\
VHQVRUVLQ$$/

7UDQVPLWGDWDWR
WKHFORXGXVLQJ
PRELOHGHYLFH

Biosignal
Heart rate
Systolic blood pressure
Diastolic blood pressure
Mean blood pressure
Respiratory rate
blood oxyzen saturation

acronym
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Fig. 1. The scenario of the developed system showing its components.

A. Model Scenario
The concept of the proposed system is visualized in Figure
1. We consider an ambient assisted living (AAL) environment
where a patient live alone in home and his/her physiological
conditions are continuously monitored by remote health monitoring stations. A number of wireless sensors are attached to
patient’s body that collect the information of different vital
signs in form of biosignals, and then send the collected data
to a portable device ( e.g. smart phone). The portable device
transmits these physiological data to the cloud in small batches
for processing. The cloud, which has large storage and fast
processing capability, run different algorithms with the help
of various frameworks for data cleaning, segmentation, learning and knowledge discovery. Such system is described and
validated in our previous works [3], [4]. The learned models
of different clinical events are stored in cloud repositories
for future classiﬁcations and predictions. The new incoming
data from patients are then classiﬁed using the stored models.
The suitable models are used for measuring future clinical
states. If the system can predict the occurrence of an abnormal
clinical event in near future, it sends notiﬁcations to the
appropriate monitoring service. The monitoring person (e.g.
doctor, nurse) can make diagnostic decision based on patient’s
clinical situation and send proper warning to the patient.
B. Vital sign and clinical event
In this study, we have considered four vital signs from
six biosignals for deﬁning a clinical event. These are listed
in Table I. Here, we have used both MBP and SBP-DBP
combination to ensure correct condition related to BP. Other
vital signs are directly observed from biosignal trend values.
In this work, a clinical event means when one or more vital
signs are not in expected range, not acted upon early enough
and persist for a ﬁxed period of time. The expected ranges
of vital signs are patient-speciﬁc, although there are some
general medical rules that deﬁne the normal and abnormal
limit of different vital signs. For example, for a normal patient
BP value should always be within normal range (SBP 80120 and DBP 60-90 mmHg) according to the general medical

rule. But for a hypertensive patient it is expected that most
of the time his/her BP value is higher than the normal range.
In this case, a clinical event occurs when this usual value
(expected maximum BP value for that patient) rises to an
abnormally high value. As in this particular work our focus is
to describe the concepts and application areas of this model, so
for simpliﬁcation we have only used the general normal ranges
of vital signs to deﬁne normality. In experimental evaluation
only those clinical events are used where all 4 vital parameters
go above or below general normal ranges.
C. Training and Learning
The proposed model ﬁrst learns about various clinical events
from vital sign data of many patients. The behaviours and
correlations of multiple vital signs preceding the targeted
clinical events are used as features for model training. In next
step, the models are trained in the cloud using large samples of
normal and abnormal observations from patients with different
clinical cases. The model learning process is shown in Figure
2 and brieﬂy explained in section IV.
D. Real-time and personalised monitoring
The ultimate target is to use the proposed method in realtime home-based health monitoring system to classify the
streaming data of multiple vitals of a particular patient. The
continuous data of a new unknown patient are sent to the
classiﬁcation engine inside the cloud and continuous classiﬁcation results and predictions are obtained over time based on
probabilistic match. Therefore, our developed model can be
used as personalized home-based monitoring. The scenario is
shown in Figure 3. This is also described in section IV.
IV. T ECHNICAL APPROACH
To implement the model scenarios described above we have
used Hidden Markov Model (HMM) for learning and classiﬁcation. Cloud platforms, frameworks and tools are used to
learn from large data and for fast processing. These techniques
are described in the following sections.
A. Constructing HMM from multiple biosignals
Hidden Markov Model (HMM) is the simplest form of
dynamic bayesian network (DBN) that has been widely used
in modelling and classiﬁcation time-series data. It is a very
popular machine learning method in the area of bioinformatics
such as human activity classiﬁcation [27], speech recognition
[20], gene prediction [32], DNA motif discovery [33] etc.
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Fig. 2. The model learning process using multiple vital sign data from several group of patients (normal and with different clinical conditions). The learning
phases are performed in the cloud. The output of this learning process is multiple HMMs and these learned models are stored in the cloud storage.
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sign time-series data can be considered as a sequence of
M windows, X1 (t), X2 (t), X3 (t), ...XM (t). A feature vector
(f1 , f2 , f3 , ..., fn ) is constructed using the samples of each
window. The features are generated from the statistical natures
of the biosignals and their correlation coefﬁcients. If x and
y are two biosignals and n is number of samples, then the
correlation coefﬁcients r is deﬁned by (1).



n( xy) − ( x)( y)
(1)
r=  



[n x2 − ( x)2 ][n y 2 − ( y)2 ]
This results a sequence of M -length feature vectors which is
the observation sequence (O = O1 , O2 , O3 , ...OM ) of HMM.
The future observations are some probabilistic functions of
past observations and so the observations have temporal dependency. If M observations can be described by N distinct
states S1 , S2 , S3 , ...SN (as in Figure 4) then it forms a Markov
process. These states are called the hidden states and are not
directly visible but the observable outputs (O) depended on the
states are visible. The change of one state to another depends
on certain transition probabilities associated with that state.
These state-transition probabilities form a matrix A = {aij }.
The transition probability from state Si at time tn−1 to the
state Sj at time tn is,
aij = P [X(tn ) = Sj |X(tn−1 ) = Si ]
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Fig. 4. The structure of Hidden Markov Model and its parameters for multiple
vital sign time-series data

The structure of an HMM in our system using multiple vital
sign time-series (e.g. HR, BP, RR, SPO2 ) is shown in Figure 4.
Let, the collection of discrete time-series data X of length T
is sub-divided into M equally-sized window W . Each window
T
. Therefore multiple vital
has T /M samples, that is W = M

M

j=1

(2)

aij = 1. (i = 1, 2, .., N ; j =

1, 2, ..., N ).
The observation Oj (generated from the features of multiple
vital signs), when the system is in state Si at time t, depends
on observation probability distributions which form a matrix
B={bj }. They are called the emission probabilities {bj }. The
initial state distribution is described by a matrix π = {πi },
where πi is the probability of the starting state being i. Using
A, B and π it is possible to come up with a state transition
sequence Q=q1 , q2 , ...qM for the given HMM, which can
best explain a given observation sequence O=O1 , O2 , ..., OM
that is formed using multiple vital signs. Thus, an HMM
(λ), constructed from multiple biosignals is described by the
notation in 3.

λ = (A, B, π)

(3)

The ﬁrst step of constructing an HMM is to compute these
model parameters (A, B, and π). These are described in the
following section.
B. Segmentation and problem formulation
We consider p vital signs (as in Figure 4) of a patient are
continuously monitored. The collected measurement at any
given time t is xt = {xt,1 , xt,2 , ..., xt,p }. xt is a row of data
matrix X where each row indicates the observed values of
each vital sign at t. The columns indicate the indices of vital
signs, that is, each column j is the time-series data of j-th
vital sign.
XTi is a batch of continuous data X. T is the time period
of data collected from X and also called the batch size.
Therefore, X can be considered as a series of continuous
batches {XT1 , XT2 , XT3 , ..., XTi , ...}. Each of the batch can
be subdivided into M equally spaced window of size W as
discussed in Figure 4.
To formulate this data for supervised learning a list of
known clinical events are targeted. These clinical cases are
used as prior knowledge and identiﬁed visually by clinical
experts. In our case, these events are identiﬁed using liner
search over all data because the whole bunch of data were
available. We consider that, if a clinical event starts at time t
and persist for a ﬁxed period of time Tp then the batch data
immediately before t are used for generating feature vector
for supervised learning. This is because, the variations in the
physiological data just before the actual clinical onset has high
impact over that clinical condition. The batch data before t is
called observation window and Tp is called prediction window.
The whole process is described in Figure 5. If there is no
clinical event (e. g. when all vital sign values are normal)
then a random batch is picked as observation window.
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A set of features f is calculated for each window W in
observation window. Each f is an observable state Oi and
thus each batch of observation window converted to a set

of observations O = O1 , O2 , ..., OM . An HMM is trained
with large number of such observation sequences of multiple
patients so that it can estimate the hidden states for a new
observation. The overall process is depicted in Figure 5.
If a system wants to predict a clinical event from m
number of known clinical cases then we need to generate m
HMMs. i-th HMM represents the model for i-th clinical case
(i=1, 2, ..., m). Therefore, i-th HMM is required to train with
a large number of observations computed using the process
described above. The procedures of training and classiﬁcation
are described in the next section.
C. HMM learning in the cloud
To construct an HMM λ, the main computation is performed
in estimating model parameters A, B and π. With a random
initial guess for model parameters the HMM is trained with a
large number of observation samples from many patients for
the targeted clinical condition. At ﬁrst, noisy data are ﬁltered
using median-pass [34] and nearest-neighbour ﬁlter and then
segmentation is performed (as described in previous section).
Afterwards, statistical and correlation features are computed
from the segmented samples and they are normalized to
discrete values. In the training phase, the model parameters are
adjusted to maximize the probability P (O|λ). For training we
have used BaumWelch algorithm [35], [36], the most popular
algorithm used for HMM training. For all m clinical events
m HMM model parameters are computed (as in Figure 2).
Training an HMM with a large amount of observation
samples is computationally expensive. The BaumWelch algorithm uses expectation maximization (EM) [35] process for
maximum probability estimation. The EM learning is slow if it
is conducted in a local device. A real-time monitoring system
demands quick learning. According to the proposed model,
patients are geographically distributed and their continuous
monitoring data are sent to the cloud.
Using cloud platforms such as Amazon Web Service [37]
it is possible to create and conﬁgure high performance virtual
machine (Amazon EC2) instances at low cost and store large
amount of data (in Amazon S3 buckets [37]). In our approach
for HMM model learning, large data samples from many patients are stored in Amazon S3 storage buckets. For supervised
learning the data with similar clinical conditions are grouped
together and stored in Amazon S3. When sufﬁcient amount
of samples for each target clinical event become available, the
steps of computing features and HMM training are run on high
performance virtual machines conﬁgured using Amazon EC2.
Apache Mahout [38], a scalable machine learning library has
procedures for HMM training and classiﬁcation. For each m
clinical events m HMMs are trained in parallel in m virtual
machines ( Amazon EC2 instances). Therefore, we get the
estimated parameters of all the m HMM models within a very
short time. The learned parameters of all HMMs are stored in
Amazon S3. This scenario was described in Figure 2. The
cloud platforms simplify HMM learning process and make
computation faster.

D. Classiﬁcation and real-time probabilistic prediction
In patient classiﬁcation phase, a new observation O is classiﬁed to class i according the maximum value of logP (O|λi )
where i=1,2,...m computed by EM algorithm [35]. In real-time
monitoring, data of a patient with unknown clinical condition
are continuously sent to the cloud (Amazon EC2 instances in
our case) where segmentations and feature computations are
performed. The computed features are then sent to the HMM
classiﬁers (stored in the cloud) and continuous probability estimations of all HMMs are obtained. This process was described
in Figure 3. The clinical condition of next prediction window
is selected based on the maximum value of logP (O|λi ). Alerts
are sent to the remote monitoring systems when any abnormal
clinical event is detected using probabilistic estimations. This
is how, the developed HMMs are used to classify and predict
continuous monitoring data.
V. E XPERIMENTAL RESULTS AND DISCUSSIONS
To validate the applicability of the proposed model described above, a prototype for clinical event detection and
prediction was developed using real medical data and cloud
frameworks. In this section, the results obtained from the
experimental evaluations of the prototype are described.
A. Data preparation
To create and test the learning models that can predict
clinical events, vital sign data from MIMIC-II numeric dataset
[39] of MIT physiobank archive [40] were used. This dataset
was preferred because it fulﬁlled the criteria for model development and evaluations. Moreover, there is no public dataset
available which contain vital sign data from a large number
of patients. The second version of MIMIC-II numeric dataset
contains records of various physiological signals of 3704
adult ICU patients. The records, those contain at least 24
hours numerical trend data of six biosignals (HR, Systolic BP,
Diastolic BP, Mean BP, RR and SPO2 ) were used. Most of the
data are sampled per minute. Some were sampled per second
and those are converted to per minute sampling by taking the
mean value in a minute. The data with consecutive missing
values over long period were eliminated and noisy data were
ﬁltered. Finally, only 1023 records met our criteria which
contain clean continuous monitoring data of six biosignals for
more than 24 hours.
B. Experimental setup
Four vital signs are used for anomaly detection using six
biosignals. The threshold values of different clinical types are
listed in Table II. The values other than these are considered
as normal according to the general medical concept [41],
[42]. Also a list of 5 clinical events that targeted for the
experiments are shown in Table III. The duration of an episode
is considered for 30 minutes using similar concept deﬁned
for detecting acute hypotension episode in physionet CinC
challenge 2009 [43].
In our prototype, we only consider the events where irregularities occur in multiple vital signs at the same time. The

TABLE II
G ENERAL THRESHOLD VALUES OF VARIOUS CLINICAL CONDITION
Clinical
condition
Hypertension

Reason

Threshold values

high BP

Hypotension

low BP

Tachycardia
Bradycardia
Tachypena
Bradypena
Hypoxia

High HR
Low HR
High RR
low RR
low SPO2

(SBP ≥ 120 and DBP ≥ 80)
or MBP ≥ 105
(SBP ≤90 and DBP ≤ 60) or
MBP ≤ 70
HR ≥ 100
HR ≤ 60
RR ≥ 17
RR ≤ 12
SPO2 ≤ 93%

abnormality in multiple vital signs at the same time cause
serious clinical emergency such as heart failure, myocardial
infraction and respiratory failure [41]. As the goal is to detect
clinical abnormalities due to the changes in multiple vital
signs, so we considered only the events where all four vital
signs deviate from normality. Such abnormality can occur also
in home settings. The clinical events are selected based on
the availability of adequate amount of samples in the selected
dataset so that we have enough samples to perform training
and testing. In some cases, multiple samples are collected from
the same records to increase the sample size. The amount of
samples are chosen carefully so that each clinical event has
nearly similar distribution. The sample size is also shown in
Table III.
TABLE III
T HE OCCURRENCE OF CLINICAL EVENT TARGETED FOR THE EVALUATION
AND THEIR SAMPLE SIZE

Clinical event
All values are in normal range
Tachycardia, Hypotension, Tachypena
and Hypoxia at the same time
Bradycardia, Hypotension, Tachypena
and Hypoxia at the same time
Tachycardia, Hypertension, Tachypena and Hypoxia at the same time
Tachycardia, Hypotension, Bradypena
and Hypoxia at the same time

Acronym
NNNN
THTH

Class
label
0
1

Number of
samples
700
500

BHTH

2

340

TTTH

3

470

THBH

4

410

C. Modelling HMMs
According to the experimental setup, our classiﬁer consists
of 5 HMMs (λN N N N , λT HT H , λBHT H , λT T T H , λT HBH ).
For each case, 70% samples were used for training and the
rest for testing (e.g. for NNNN 490 samples for training and
210 samples for testing). Since our main goal is the prediction
of abnormal clinical events in advance, we want to model each
λi using the sequence of data just before the clinical episode.
Therefore, the features of each sample of each λi are built
using 60 minutes data preceding the targeted clinical event.
The 60 minutes data of six signals are divided into six
equally-sized windows of 10 samples each. We have computed 5 statistical measures (mean, standard deviation, median,
number of increasing and decreasing trends) [14], [44] and
pairwise correlations of 4 vital signs, resulting 36 features

in total. Therefore, each 60 minutes sample is converted to
a sequence of six 36-dimensional feature vector. To simplify
the computation of HMMs, each feature is discretized and
normalized to nominal value between 0 to 9. Afterwards,
the 5 HMMs are trained in Apache Mahout [45] using the
normalized features of the training samples as described. The
number of hidden states for each model is chosen experimentally to have the maximum ﬂexibility of modelling, but to
avoid overﬁtting. This was described in one of our previous
work [15].
Here the HMM-based classiﬁcation system serves multiple
purposes. It can tell which one of possible m clinical event
a patient will be in prediction window Tp using temporal
data immediately before that clinical event. Once it knows
the possible clinical event it can estimate the most likely
future states for a given observation. This helps to identify
future abnormalities. Moreover, this can be used in real-time
monitoring by estimating maximum likelihood probability of
all m clinical events in every minute. No other machine
learning model can serve such multiple purpose using temporal
trend of multiple vital sign data.

of normal and abnormal data (each 4 patient is from one of
the 4 clinical case used in the evaluation).
The objective here is to send the data continuously as a
batch of 60 minutes, convert it to observation sequence, feed
it to HMM classiﬁcation engine, and keep getting continuous
classiﬁcation result for next 30 minutes window. In continuous
data classiﬁcation, 5 probability (log P (O|λ)) values ( for
ﬁve HMMs ) are obtained for a 60-minute observation and
decision is made for the next 30-minute segment by taking
the maximum probability value (log likelihood). The value
can be in one of the classes ( in our case from 0 to 4) based
on the probability calculation (shown in Figure 3).









BHTH
2
0
101
0
0

TTTH
1
1
0
137
0

THBH
0
0
0
0
120

From this result, we see that if HMMs are properly trained
with a large number of samples then they can isolate the
normal and abnormal clinical events with a very good accuracy
(which is 97.8% in our evaluation). Therefore, the developed
HMMs can identify different clinical events using incoming
data of unknown observations.
E. Prediction in continuous monitoring
The next experiment is to use the develop HMMs to classify
clinical situations using continuous data of multiple vital signs
of a particular patient so that it can be used in real-time
monitoring. 6 patients are picked for the experiment. One of
the patient has 2 clinical events (THTH, THBH) in whole the
data including the normal (NNNN) episodes. One patient is
with fully normal data and the rest 4 patients have combination





TABLE IV
T HE CONFUSION MATRIX OBSERVED AFTER PERFORMING THE
CLASSIFICATION USING 5 HMM S . H ERE 97.8% ACCURACY IS OBTAINED
NNNN
THTH
BHTH
TTTH
THBH


















 



 







To classify an unknown test observation sequence O into
one of the 5 clinical classes (as in Table III), log P (O|λ)
is calculated using forward-backward procedure [46] and
compared which HMM describes the sequence better. That is,
an unknown observation is assigned to i-th class, such that, i =
argmaxi [p|λi ], i  {NNNN, THTH, BHTH, TTTH, THBH}
The confusion matrix from the classiﬁcation result is shown
in Table IV.
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D. Clinical event classiﬁcation

NNNN
206
3
1
4
2

 

 



































Fig. 6. The upper plot shows the continuous monitoring values of 6 biosignals.
The lower plot depicts logP (O|λ) values obtained for 5 HMMs for patient
a40943n over 16 hours (1000 minutes) period. The changes in multiple vital
signs and corresponding probabilities are indicated by arrows.

Figure 6 shows the result obtained for such an experiment
using more than 16 hours (1000 minutes) data of patient
a40943n. Three types of clinical events (NNNN,THTH,THTB)
were observed for this patient. The abnormalities ( e.g. change
in multiple vital signs here) occur after 600 minutes. In Figure
6, the upper plot shows the vital signs values and the lower plot
depicts the calculated log likelihood values by 5 HMMs. We
can see, there is not much long term deviation in multiple vitals
for ﬁrst 600 minutes and so most of case logP (O|λ) values
of NNNN is much higher than the others. We see two THTH
episodes (one after 700 minutes and another near 900 minutes)
and two THBH episodes in the plot (one after 800 minutes and
another after 900 minutes) and corresponding predicted log
likelihood values go high. Similar behaviours were observed
for other patients data. This proves that, our model can predict
the probability of abnormal clinical event well ahead of time
to avoid potential clinically dangerous situations.
F. Evaluation using cloud frameworks
To evaluate the performance of the system in the cloud
the HMM training time for case NNNN is measured in 6
types of Amazon EC2 instance as well as on a local machine.

The observation sample size was 100 (each sample was 36dimensional feature vector). The HMM implementation of
Apache mahout framework is used for evaluation in the cloud.
The obtained result is shown in Table V.
TABLE V
HMM TRAINING TIME FOR CASE NNNN IN DIFFERENT A MAZON EC2

TABLE VI
C OMPARISON OF OUR MODEL WITH THE RESULTS AND FEATURES
OBTAINED IN SIMILAR WORKS

Our model
6

Work
[28]
6

HR,
BP,
RR, SPO2
any

HR,
BP,
RR, SPO2
any

Number of normal
samples
Number of abnormal samples
Accuracy

700

Early
prediction
capability
Continuous monitoring support
Cloud implementation

Number of biosignals
Vital signs

INSTANCES

Clinical event

Type
t2.micro
t2.small
t2.medium
m3.large
m3.xlarge
Local machine

No
of
vCPUs
1
1
2
2
4
1

Memory
(GB)
1
2
4
7.5
15
8

Training
time (min)
129
102
67
41
30
86

Form the above results we can see that the model training
time improves with the increment of the resources in a virtual
instance. The training time on a local machine with 8GB
RAM took 86 minutes. The lowest training time obtained is
30 minutes for a m3.xlarge virtual machine with 4 CPUs and
8GB RAM. That is, training time decreased almost one third
on a high performance virtual machine. Trivially, the more
powerful virtual machine instance will reduce more training
time. Therefore, this proves that the cloud implementation for
model training improve the model performance.
Moreover, to increase parallelism 5 HMMs are trained in
5 different m3.large virtual instances at the same time and
we got the model parameters of all HMMs in short time. In
sequential approach on a local machine or on a hospital server
it requires to train one model at a time which takes very large
time to estimate all the model parameters.
G. Comparison with other models
Although there are differences in the way of experimental
setup for our model, the dataset, platform we have used and
the application area we have targeted in compare with other
similar models, it is still possible to draw some performance
and feature-wise comparisons. Therefore, we compared our
model with the 3 existing works. The work in [28] describes
a hospital-focused probabilistic model using Gaussian mixture
model (GMM) and one-class support vector machine (SVM) to
identify patient deterioration using 4 vital signs (HR, BP, RR,
SPO2 ) that we have also used in this study. Others have used
fewer biosignals for predictions. This comparison is presented
in Table VI.
From the comparisons we can conclude that, our model
has more impressive features and results. It is built on large
samples and capable of predicting many clinical events more
accurately.
VI. C ONCLUSION AND F UTURE WORK
In this work, we have presented a prediction model for early
detection of anomalous clinical episodes caused by multiple
vital signs. Hidden Markov Model is used for learning and
classiﬁcation of various clinical events from the behaviours of
multiple vital signs. This model is also suitable for continuous

in

Work
[18]
1

in

Work in [14]
2

BP

HR, BP

1370

only Acute
hypotension
30

Hemodynamic
instability
571

1720

130

30

116

97.7%

94%

ROC
0.86

yes

max 95%
(GMM) &
96% (SVM)
yes

yes

yes

yes

yes

yes

yes

yes

no

no

no

max

monitoring of a patient’s health using the information learned
from the changes in many physiological parameters. The advantages of cloud computing are utilized for scalable and faster
learning and real-time monitoring. This model is easily deployable in home-based remote monitoring system and capable of
handling vital sign data from many patients. The proposed
work is a valuable contribution to the healthcare industries as
they are struggling to meet the demand of increasing population and chronic illness. This systemic prediction model can
reduce healthcare cost and chronic disease related deaths. We
have showed through prototyping and experimental evaluations
that the model is able to forecast clinical episodes and can
generate real-time probabilistic estimation of anomalies with
very good accuracies. Thus, the model also simpliﬁes the jobs
of healthcare professionals by sending them early warnings
and by reducing false predictions.
As a part of ongoing work, we are interested to utilize this
model to predict clinical episodes related to cardiovascular
disease and diabetes. We plan to implement the scenarios with
big data from a large number of vital signs of many patients.
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