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Abstract— Chronic Obstructive Pulmonary Disease (COPD)
is a common preventable and treatable disease characterized
by persistent airflow limitations. In COPD, exacerbations are
worsening of symptoms beyond day-to-day variations that, if
not promptly treated, could worsen the course of disease. This
work presents a disease management system that remotely
monitors the health status of patients and it detects the onset
of COPD-related worrisome events. To this aims it analyses
only the heart rate and the oxygen saturation, which are
simply collected via a wireless pulse oximeter connected to a
smartphone. The system has been tested by 22 COPD patients
telemonitored at home for six months, showing encouraging
results.

I. INTRODUCTION

Chronic Obstructive Pulmonary Disease (COPD) is a
common preventable and treatable disease characterized by
persistent airflow limitations, which are usually progressive
and associated with an enhanced chronic inflammatory re-
sponse in the airways and in the lung to noxious particles
or gases [1]. COPD is currently a major cause of chronic
morbidity and mortality throughout the world and it is
predicted to become the main one by 2020 [2]. Patients
affected by COPD also suffer from periodic worsening of
symptoms and lung function, such as the shortness of breath
and the variation of phlegm quantity and colour, which last
for several days. The events characterized by these signs
are referred to as exacerbations and may be triggered by
both bacterial and viral infections as well as environmental
pollutants. Although early intervention with antibiotics and
steroids can prevent exacerbation-related hospital admis-
sions, several patients are not able to promptly recognise
their early signs and symptoms from day-to-day variations.
When this happens, exacerbations threaten patient’s health,
resulting in larger use of healthcare services and lower
health-related quality of life.

The relevance of COPD and the need for early flare-up
detection have motivated the recent development of systems
to remotely manage the COPD disease. These systems permit
to monitor the health status of subjects and to detect the
worrisome events [3], [4], [5], [6], [7], [8], [9], [10], [11],
such as the exacerbations. On the one side, these works

adopt similar strategies for remote data collection usually
integrating measuring and communication devices used by
the subjects who acquire the data according to a given
schedule. On the other side, the approaches for data analysis
can be roughly divided into two categories. To the first
group belong those approaches which leverage on healthcare
professionals (e.g. nurses or physicians) that visually inspect
the data day by day [3], [4], [5], [6]; however this procedure
is labour intensive, time consuming and prone to oversight
errors. The approaches in the second category make use of
decision support systems (DSSs) to automatically detect the
worrisome events that could degrade the health status [7],
[8], [9], [10], [11]. However, these works not only use
numerous wearable sensors, but they require that the subjects
collect many measures several times per day leading, in
turn, to a subject’s collaboration drop [12]. This is also
in contrast with the advices provided by both the World
Health Organization and the Global initiative for chronic
Obstructive Lung Disease that have recently recommended
to avoid invasive or complex daily measurements [1].

These observations have motivated us to develop a re-
mote disease management system that detects the worrisome
events in COPD subjects by using only the heart rate and
the oxygen saturation, which are simply collected via a pulse
oximeter.

II. SYSTEM OVERVIEW

We propose a Worrisome Event Detection System
(WEDS1), which aims at detecting the onset of a set of
COPD-related critical events that could affect the subjects.
The subject uses a smartphone connected via bluetooth to a
wireless pulse oximeter and he/she interacts with a simple
interface that allows to measure the heart rate and the oxygen
saturation according to a schedule established by his/her
physician. WEDS makes use of a DSS to automatically
detect the following main critical events relevant for COPD
patients:

1) the onset of sinus tachycardia;
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2) the onset of dyspnoea;
3) the onset of hypoxemia;
4) the missing measurements;
5) the onset of possible exacerbations, i.e., all the alter-

ations of COPD patient’s health status that differ from
normal day-to-day variations of symptoms in stable
COPD.

For each new measure acquired by the patient, WEDS pro-
cesses the data as presented hereinafter and it provides a
feedback to the subject about his/her health status, possibly
triggering a warning or an alarm if the onset of one of such
worrisome events has been detected.

In oder to present how WEDS works, in the rest of the
manuscript we adopt the following notation:

• t represents the time;
• Υi represents the i-th time slot given by Υi = {ti0 ≤
t < ti1} where, for i 6= j, Υi ∩Υj = ∅ and Υi ∪Υj =
24h;

• Xi(t) ∈ <2 is a diagonal matrix so that its eigen-
values are Xi

j(t), with j = {SpO2, HR}. Hence, it
contains the measurements of both oxygen saturation
rate (SpO2) and of hearth frequency (HR) acquired
by the system at time t, which belongs to a given time
slot Υi. Note that the number of time slots per day and
the number of measurements per time slot are set by
the physicians;

• µi(t) ∈ <2 is a diagonal matrix so that its eigenvalues

are defined as µij(t) =
∑t−1

t0
Xi

j(t)

N , with N being the
number of measurements in the same time slot Υi, j
defined as before, and t, t0 ∈ Υi; µi(t) is updated every
time Xi(t) is acquired;

• σi(t) ∈ <2 is a diagonal matrix so that its
eigenvalues are defined as 1/σij(t), where σij(t) =√∑t−1

t0
(Xi

j(t)−µi
j(t))

N , with j and N defined as for µi(t).
Again, σi(t) us updated every time Xi(t) is acquired;

• ω ∈ <2 is a diagonal matrix so that its eigenvalues are
the weights ωj , with j defined as before;

• the Weighted Oximetry Score (WOS) is a weighted
combination of Xi

SpO2
(t) and Xi

HR(t) defined as:

WOS(Xi(t)) =
tr(ω(Xi(t)− µi(t))σi(t))

tr(ω)
(1)

It is worth noting that equation 1 extends the original
definition of the oximetry score introduced in [13], as the
latter is a particular case of WOS when ωj = 1,∀j [14].
In [13] the authors distinguish exacerbations from day-to-
day symptom variations when this score exceeds a given
threshold heuristically set. The rationale for using the WOS
to detect the exacerbations lies in observing that such events
are typically associated with SpO2 falls and HR rises.
Despite that, in [14] we found that this score, used alone,
is not able to discriminate between exacerbations and day-
to-day symptom variations and between exacerbations and
other COPD-related worrisome events: this happens since
the WOS, used alone, disregards the temporal evolution of

Transitions Activation conditions
τ2,τ3,τ9,τ11, τ14,τ33 Xi(t) is missing
τ1,τ12,τ13,τ21,τ22,τ32 X(t)iSpO2

< X
ŜpO2

τ30, τ29 X(t)HR > µiHR(t)) + k · σiHR(t)
τ8,τ10,τ15,τ20,τ31 ξ = .25 WOS(Xi(t)) ≤WOS(X

ŜpO2
+ ε, µiHR(t)) · ξλ

τ4,τ27 ξ = .25
WOS(Xi(t)) > WOS(X

ŜpO2
+ ε, µiHR(t)) · ξλτ5,τ23,τ28 ξ = .50

τ6,τ19,τ24,τ26 ξ = .75
τ7,τ16,τ17,τ18,τ25,τ34 ξ = 1

TABLE I: List of the transitions and the associated activation conditions.

any monitored parameters.
The WEDS DSS implements a Binary Finite State Ma-

chine (BFSM) [15] to grasp the picture of how oxygen satu-
ration and heart rate evolve over time. A BFSM is a particular
Petri net characterized by a five-tuple < P ,T , I,O,M >,
where P represents a finite set of n places p, T is the
finite set of m transitions τ that are conditions enabling
the evolution of the net from a place to another one. I is
an input binary matrix (with I ∈ Z(T×P )

(0,1) ), O is an output

binary matrix (with O ∈ Z(T×P )
(0,1) ), and M is the marking

of net defined as a row vector of p− 1 0’s and one nonzero
entry (with M ∈ Z(1×P )

(0,1) ).
Our BFSM consists of eleven places pi (Figure 1), which

can be divided into three groups: the green place depicts the
good health status, the five yellow places indicate the onset
of a warning status and the six red places denotes the onset
of a critical event that could affect the subject (alarm). The
BFSM is characterized by thirty-four transitions τi, whose
activation conditions are listed in Table I. There are also
directed arcs that we divide into: (i) those corresponding to
health status improvement (green arrows) as they connect the
warning places to the one representing the good health status;
(ii) those indicating that the warning status continues while
its type is changing (yellow arrows); (iii) those indicating
a worsening of the health status of the monitored subject:
they are represented as red arrows connecting good health
status places to alarm places as well as yellow warning places
to alarms. Finally, one token represents the marking M(t)
of the net: its shift from a place to another at time t is
unique and it can occur only if the transition between the
two places is fired. Figure 1 also shows that the Petri net
can be divided into five main blocks, where each one aims
at detecting the onset of one of the five worrisome events
listed at the beginning of this section. For each block, we
now describe the places and their activation conditions: these
conditions, if active, allow the token either to get to the block
under consideration or to shift within the block, i.e., from one
place to another.

The blue block detects the onset of sinus tachycardia and
is composed of two places p2 and p11 indicating the onset of
a warning and of an alarm, respectively. Assuming that HR
variability can be modeled as a Gaussian phenomenon [16],
the token comes to this block via p2 when X(t)iHR >
µiHR(t)+k ·σiHR(t), where the value k is set in the learning
phase. At t + 1 the token shifts from the warning status p2
to the alarm status p11 if the aforementioned condition is
verified again.
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Fig. 1: State diagram of the BFSM.

The block committed to detect the onset of dyspnoea (sky-
blue) consists of one place of alarm p3. Since the breathing
discomfort given by dyspnoea is generally connected with
cardiac and respiratory system disorders, we use the WOS
as activation condition to p3. The token comes to p3 when
the condition WOS(Xi(t)) > WOS(X

ŜpO2
, µiHR(t)) is

verified, where X
ŜpO2

denotes the critical value of oxygen
saturation set to 90% [17].

Purple block detects the onset of hypoxemia, i.e., an
abnormally low level of oxygen in the blood that can be
detected using the oxygen saturation only as this deficiency
does not depend on the heart rate. Hence, the token comes
to the place of alarm p4 when the the condition X(t)iSpO2

<
X
ŜpO2

is verified.
The orange block detects a missed measure that may

indicate a pulse oximeter malfunction or that the subject’s
health status prevents her/him from acquiring the measure.
We design this block with a place of warning p5 and a place
of alarm p10. The token comes to the former place when
Xi(t) is missed in time slot Υi, whereas it comes to the
latter place when two measures Xi(t) and Xj(t) (i 6= j)
collected in consecutive time slots Υi and Υj are missed.
The onset of exacerbations are detected in the brown block,
where we employ the WOS. We design this block with three
places of warning (p6, p7, p8) and one place of alarm (p9)
for two reasons. First, the different warning places permit
to distinguish the day-to-day symptoms variation from the
exacerbations; second, they also model the progressive nature
of the COPD events permitting to graduate the worsening of
the health status. The conditions of this block are written
as WOS(Xi(t)) > WOS(X

ŜpO2
+ ε, µiHR(t)) · ξλ. The

values of λ, ε ∈ <+ are learnt using the subject data. The
value of ξ ∈ [0, 1] depends on the different conditions it
represents: it is modeled as an arithmetic progression with
common difference of 0.25 computed as 1 by the number of

places in this block. Note also that the transitions linked to
the first (and the less serious) warning place p6 has activation
conditions with ξ = 0.25, whereas the transitions connected
to the alarm place p9 has ξ = 1.

The marking equation of our BFSM net is written as:

M(t) = M(t− 1) + α(t) ·A (2)

where A = O − I , and α(t) is a column vector ∈ Z(1×T )
(0,1)

indicating which is the unique transition fired. Note that
the mark represents the WEDS output that, conveniently
represented, is conveyed to the subject.

As reported before, WEDS has to initially set its free
parameters (Φ = {ω, ε, k, λ}), which are afterwards adjusted
in a training phase specifically tailored for the subject at
hand. The procedure we design on the one side takes into
account the common machine learning approach that sets the
free parameters of a decision system minimising an objective
function on a validation set disjunct from the test set and,
on the other side it considers the patient specific nature of
COPD diseases, whose day-to-day variations and symptoms
are extremely different from a patient to another. To this aim,
WEDS sets the values of Φ using a validation set composed
by a set of the measures Xi(t) collected by a subject for
several days (' 10) and annotated by the physician. Then,
WEDS tests the DSS using several parameter configurations
Φ̂ and it picks the configuration minimizing the error rate.

III. RESULTS

We collect HR and SpO2 signals at home for six months
in 22 patients affected by COPD (13 men and 9 women,
aged between 55 and 75 years). The patients are recruited at
Campus Bio-Medico University Hospital of Rome (Unit A)
and Local Health Units of Lanusei (Unit B). According to
the protocol devised by physicians with specific experience
in the field, each patient acquires one measure per time
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Prediction-Ground Truth Metrics
Accuracy Sensitivity Specificity

WEDS-Unit A 94.81 95.45 94.71
WEDS-Unit B 92.88 78.48 95.91
Unit A-Unit B 90.73 33.42 98.57

TABLE II: Average performances (%).

slot Υi, with i = {1, 2, 3}. The first corresponds to the
morning (Υ1 = {7am ≤ t < 12am}), the second to the
afternoon (Υ2 = {12am ≤ t < 4pm}) and the third to
the evening (Υ3 = {4pm ≤ t ≤ 9pm}). At the end of
the acquisition process we obtain a dataset consisting of
18.432 records. One medical specialist for unit then marks
each patient record with a 0-1 labels, where 0 indicates
a negative event (N ), i.e., the patient is in good health
status; conversely, the positive (P ) label 1 indicates that
a worrisome event is occurred. The experiments for each
patient are carried out as follows. Initially, we set the WEDS
free parameter Φ using the the data collected within the
first ten days of acquisition (section II). Next, we apply the
monitoring approach we develop to the other patient records.
Comparing the output labels provided by WEDS with expert
annotations we compute the recognition accuracy (TP+TN

P+N ),
the sensitivity (TPP ) and the specificity (TNN ) of the system.
As usual, P and N denote the number of positive and
negative records, respectively, whereas TP and TN stands
for true positive and true negative classifications. In our case,
a true positive classification implies that a worrisome event
is correctly detected by the WEDS; a true negative classifi-
cation indicates that the WEDS correctly recognises that the
patient is in a good health status. Table II shows the results
achieved. The first and second rows of the table report the
values of performance when we compare the WEDS outputs
with the labels assigned by each medical unit. The third
row reports the performance figures computed comparing the
labels assigned by the medical experts of unit A and B, and
using labels provided by the former unit as ground truth.
Obviously, we could also set unit B labels as ground truth: in
that case the values of sensitivity and specificity would trade
places accordingly. It is interesting that the classification
accuracy achieved by WEDS against any medical unit is
larger than the one resulting from the comparison of the
two medical units’ labels. This observation can be deeply
motivated looking at the sensitivity and specificity values:
they suggest us that the two physicians disagree on positive
events recognition. This could be expected as discriminating
between worrisome events and day-to-day variations is not
trivial even for specialists. These positive misclassifications,
although they drop the sensitivity, do not affect too much the
accuracy since the a-priori probability of the positive class
is low (12.99% and 17.45% of records for Unit A and B,
respectively).

IV. CONCLUSION

In this paper we have presented a remote disease man-
agement system that detects the onset of COPD-related
worrisome events. It uses only HR and SPO2 data collected

via a pulse oximeter permitting an easy application of the
method to COPD patients. These signals are given to a DSS
based on a Petri net that triggers warnings and alarms as
the subject health status evolves over time. The system has
been tested using more than eighteen thousands of records
from 22 COPD patients telemonitored at home for 6 months.
When compared with a ground truth annotated by medical
experts, the results show that the system achieves accuracy
values larger than those achieved comparing specialists an-
notations; these observations are even more evident when the
performances are measured in terms of sensitivity.

Future works are directed towards the application of the
system in clinical environments.
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