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A decision support system for tele-monitoring
COPD-related worrisome events

Mario Merone, Claudio Pedone, Giuseppe Capasso, Raffaele Antonelli Incalzi and Paolo Soda

Abstract—Chronic Obstructive Pulmonary Disease (COPD) is
a preventable, treatable and slowly progressive disease, whose
course is aggravated by a periodic worsening of symptoms
and lung function lasting for several days. The development
of home telemonitoring systems has made possible to collect
symptoms and physiological data in electronic records, boosting
the development of decision support systems (DSSs). Current
DSSs work with physiological measurements collected by means
of several measuring and communication devices as well as
with symptoms gathered by questionnaires submitted to COPD
subjects. However, this contrasts with the advices provided by the
World Health Organization and the Global initiative for chronic
Obstructive Lung Disease that recommend to avoid invasive or
complex daily measurements. For these reasons this manuscript
presents a DSS detecting the onset of worrisome events in COPD
subjects. It uses the hearth rate and the oxygen saturation, which
can be collected via a pulse oximeter. The DSS consists in a binary
finite state machine, whose training stage allows a subject specific
personalization of the predictive model, triggering warnings and
alarms as the health status evolves over time. The experiments
on data collected from 22 COPD patients tele-monitored at home
for six months show that the system recognition performance is
better than the one achieved by medical experts. Furthermore,
the support offered by the system in the decision-making process
allows increasing the agreement between the specialists, largely
impacting the recognition of the worrisome events.

Index Terms—Decision support systems, COPD, Petri net, tele-
monitoring

I. INTRODUCTION

CHRONIC Obstructive Pulmonary Disease (COPD) is a
common preventable and treatable disease characterized

by persistent airflow limitations, slowly progressive, partially
or totally irreversible, and associated with an enhanced chronic
inflammatory response to noxious particles or gases in the
airways and in the lung [1]. As the disease progresses, the
patients lose efficiency of muscle respiratory and the airways
undergo progressive obstruction. 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 lasting for several days, such as
exacerbations, sinus tachycardia, dyspnoea and hypoxemia [3].
Although early intervention with antibiotics and steroids can
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prevent COPD-related hospital admissions, several patients are
not able to promptly recognize early signs and symptoms
of these worrisome events from day-to-day variations. These
events induce deteriorations in respiratory health and aggravate
the course of the disease, resulting in larger use of healthcare
services and lower health-related quality of life (HRQoL) [4].

The relevance and the incidence of this disease as well
as the need for early detection of critical events have moti-
vated the recent development of home telemonitoring systems
in COPD [5]. Home telemonitoring encompasses the non-
invasive exchange of information using electronic devices and
telecommunication technologies, and allows clinical data to be
remotely collected on a routine and regular basis [6]. Therefore
it has the potential to promote self-management, improve
control, increase HRQoL and prevent hospital admissions [7].
Although still used [8], [9], [10], [11], the visual inspection
of collected data performed by healthcare professionals (e.g.
nurses or physicians) is labour intensive, prone to oversight
errors and time consuming, mostly when the amount of data
increases. Nevertheless, the collection in electronic records of
symptoms and physiological data of patients has boosted the
development of decision support systems (DSSs) aiming at
detecting the worrisome events and at supporting the clinical
decisions [12]. A recent review has offered a systematic
synthesis of DSSs used in COPD telemonitoring [5]: while
the interested reader may consult this work for a deep analysis
of the most significant papers available in the literature from
2005, its analysis suggested us the the following four main
considerations.

First, similar strategies have been adopted for remote data
collection. Some authors gathered symptoms using electronic
questionnaire [13], [14], [15], others collected physiological
measurements by means of several measuring and communica-
tion devices used by the subjects [3], [10], [16], [17], whereas
there exist also attempts acquiring a combination of symptoms
and physiological measurements [12], [18], [19], [20], [21],
[22], [23], [24], [25], [26].

Second, data were recorded at least on a daily basis in all
studies, whilst in some cases they were gathered more than
once per day or with a variable frequency [3], [10], [17], [21].

Third, all the approaches available in the literature, except
for [3], require that the patient collaborates to acquire the data.
However, this practice contrasts with the advices provided by
the World Health Organization and the Global initiative for
chronic Obstructive Lung Disease that recommend to avoid
invasive or complex daily measurements [1], as the poor
compliance of patients with telemonitoring tasks [27], [28]
drops their collaboration [29]. For instance, in [3] the 40%
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loss of data was due to the patients who did not wear the
measuring device.

The fourth consideration concerns the approaches used
for data analysis, which can be roughly divided into two
categories. To the first group belong the approaches com-
paring the values of collected parameters with thresholds
heuristically set [3], [12], [13], [14], [15], [18], [19], [20],
[24]. These methods for early detection of respiratory critical
events attained unsatisfactory performance as the best values
of accuracy, sensitivity and specificity were 73%, 66% and
93% [5], respectively. To the second category belong the
approaches using supervised [10], [17], [21], [22], [23], [25]
or unsupervised [26] machine learning techniques. All of them
leverage on several physiological measurements as well as on
symptoms collected using questionnaires. We also observed
that a personalization of the predictive learning model is im-
plemented only in [21] by introducing patient-specific data into
the probabilistic model. Furthermore, all these contributions
adopted different approaches to measure the performance, such
as 10-fold cross validation and leave-one-episode-out cross
validation. However, leave-one-subject-out cross validation,
which allows to assess for subject-to-subject variation, was not
carried out for any of the machine learning experiments [5].

This analysis unveils that further research is needed to
enable the early detection of worrisome events in subjects
suffering from COPD, as also reported by the recent liter-
ature [5], [30]. For this reason we present here a decision
support system that detects the worrisome events in COPD
subjects by using only non-invasive physiological measure-
ments that can be easily collected by subjects according to
a personalized schedule via a pulse oximeter. This allows
us to avoid invasive and complex daily measurements, as
the international societies suggest [1]; furthermore, not using
questionnaires to gather symptoms information alleviates the
user burden of reporting tasks and optimizes the quality of
collected data. Although preliminary results were reported
in [31], this paper extends previous contribution in some
respects. First, we introduce here a new method for tuning
the free parameters of the predictive model, which now does
not need for the human intervention. Second, we present a
different experimental evaluation that compares the system
performance with a gold standard, analyzes the impact of the
system in tele-monitoring practice and it adopts the leave-one-
subject-out cross validation.

II. METHODS

We present a DSS that monitors the health status of a subject
suffering from COPD and it detects the onset of a critical
event that could affect him/her. It is named as Worrisome
Event Detection System (WEDS)1 in the rest of the manuscript.
As Fig. 1 shows, the DSS receives as input the values of
the oxygen saturation (SpO2) and of the heart rate (H R)
acquired by the subject using a pulse oximeter according to
a personalized schedule, and it returns one of the following
outputs:

1) the onset of sinus tachycardia;

1Patent pending (PCT/IT2015/000146).

Fig. 1: Inputs and output of the DSS at time t .

2) the onset of dyspnoea;
3) the onset of hypoxemia;
4) the shortage of a measure;
5) the onset of exacerbations, i.e., all the alterations of

COPD subject health status that differs from normal day-
to-day variations of symptoms in stable COPD.

6) no critical event.
Events 1-5 were defined according to best practices [1] by
the medical specialists of the Area of Gerontology of Campus
Bio-Medico University Hospital of Rome.

We introduce now the following notation used hereinafter:
• t represents the discrete-time;
• XSpO2 [t] and XHR[t] are SpO2 and H R discrete-time

signals;
• Υi is the i-th time slot in a day s.t. Υi ∩Υ j = ∅ for i , j;
• X i[t] is a 2 × 2 diagonal matrix whose eigenvalues

are X i
j [t], with j = {SpO2, H R}. Hence, it contains the

measurements of both SpO2 and H R acquired by the
system at a time t belonging to a given time slot Υi ;

• µi[t] is a 2×2 diagonal matrix so that its eigenvalues are
defined as

µij [t] =
1
N

t−1∑
t0

X i
j [t] (1)

with j defined as before and N being the number of
measurements collected in consecutive days in the same
time slot Υi ;

• σi[t] is a 2×2 diagonal matrix so that its eigenvalues are
defined as 1/σi

j [t], where σi
j [t] is given by:

σi
j [t] =

√√√
1
N

t−1∑
t0

(X i
j [t] − µ

i
j [t])

2 (2)

with j and N defined as for µi[t].
• ω is a 2×2 diagonal matrix so that its eigenvalues are the

weights ω j (with j defined as before) whose magnitudes
are computed as reported in section II-C;

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

SpO2
[t] and X i

HR[t] defined as:

WOS(X i[t],ω) =
tr (ω(X i[t] − µi (t))σi[t])

tr (ω)
(3)

where the symbol tr denotes the operator trace of a square
matrix.

A. Weighted oximetry score

The oximetry score was originally introduced in [32],
where the authors collected physiological measures using a
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Fig. 2: State diagram of the BFSM, where the token is represented by a dark circle put, for example, in place p1.

pulse oximeter according to a daily schedule. With respect
to formula 3, the oximetry score is a particular case of the
WOS with ω j = 1,∀ j. That work aimed at distinguishing
exacerbations from day-to-day symptom variations by means
of a simple threshold-based approach, where the value of
the threshold was heuristically set. However, as for other
threshold-based methods, the performance was not satisfac-
tory [5], [32]. In [33] we also investigated the performance
that can be achieved using a threshold-based approach on the
WOS score, finding that it is still not able to discriminate
between exacerbations and day-to-day symptom variations and
between exacerbations and other COPD-related worrisome
events. Indeed, comparing the WOS with a threshold does not
provide satisfactory values of sensitivity and specificity [33],
also because such an approach disregards the time evolution
of each monitored parameter.

B. Decision support system

WEDS is a binary finite state machine (BFSM) performing a
predetermined sequence of actions depending on a sequence of
events with which they are presented [34]. A BFSM is a partic-
ular 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 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 mark of the net defined as a row
vector of n−1 0’s and one nonzero entry (with M ∈ Z(1×P )

(0,1) ).

The marking equation of the Petri net computing M [t] is
written as

M [t] =M [t − 1] +α[t] ·A (4)

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

indicating which is the unique transition fired. The mark M [t]
is represented by a token, whose shift from a place to another
can occur only if the transition between two places is fired,
i.e., if its activation condition is verified.

Petri nets allow modelling processes that can be broken
down into subprocesses and described at variable granular-
ities [35]. Indeed, they are most suitable for analyzing the
dynamics of concurrent systems whose behavior could be
described by finite sets of atomic processes, as the different
COPD-related worrisome events. Although other modeling
and simulation methods could be used to detect the onset of
the worrisome events, such as Boolean networks, Bayesian
networks, and rule-based formalisms, Petri nets have the
advantage of employing a simple model with an intuitive
graphical representation, which can represent the system at
coarse- or fine-grained levels. This allows discriminating be-
tween different worrisome events and between these events
and day-to-day variations as it grasps the picture of how
oxygen saturation and heart rate of a subject evolve, thanks to
token shift from one place to another that activates only when
the condition associated with that place holds.

The BFSM deployed in this work consists of eleven atomic
places pi (Fig. 2), each graphically represented by a circle.
Three different colors identify three types of places: the green
place represents the no critical event status, the five yellow
places indicate the onset of a warning status and the five
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Transitions Activation conditions
τ2, τ3, τ9, τ11, τ14, τ33 X i[t] is missing
τ1, τ12, τ13, τ21, τ22, τ32 X i

SpO2
[t] < XFSpO2

τ29, τ30 P(X ≤ z) ≥ k
τ8, τ10, τ15, τ20, τ31 ξ = .25 WOS(X i[t],ω) ≤ WOS(X̂ i[t],ω) · ξλ

τ4, τ27 ξ = .25
WOS(X i[t],ω) > WOS(X̂ i[t],ω) · 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.

red places denotes the onset of one of the worrisome events
defined at the beginning of section II that could affect the
subject (alarm). The BFSM is characterized by thirty-four
transitions, whose activation conditions are listed in TABLE I.
There are also directed arcs tagged in Fig. 2 with green, yellow
and red arrows. Green arrows correspond to an improvement of
the health status as they connect the warning places to the one
representing that no critical event has occurred. Yellow arrows
tag transitions indicating a worsening of the health status as
they connect the green place to warning places. They also
connect different warning places indicating that the warning
status is continuing while its type is changing, i.e., net status
is evolving from one yellow place to another one. Red arrows
indicate a critical deterioration of the health status and they
connect both the no critical event place and the warning places
to the alarm places.

The output of the DSS at time t corresponds to the label of
the place where the token is, according to the mark M [t].

For the sake of presentation, our BFSM can be divided into
five main blocks, each aiming at detecting the onset of one
of the five worrisome events listed at the beginning of this
section. In Fig. 2 these blocks are identified by five different
colors: from left to right, they are now described.

1) Sinus tachycardia (blue block): Assuming that the heart
rate can be modeled as a normal distributed discrete random
variable [36], [37], which we denoted as X to simplify the
notation in the following lines, the token comes in this block
via p2 when

P(X ≤ z) ≥ k (5)

where P denotes the probability that the random variable X
takes on a value less than or equal to the standard score z =
X i

HR [t]−µi
HR [t]

σ i
HR [t]

. Furthermore, at [t+1] the token shifts from the
warning place p2 to the alarm place p11 if the same condition
holds, otherwise it moves to another place according to Fig. 2.

2) Dyspnoea (sky-blue block): It consists of one place of
alarm p3, whose activation condition is triggered by the WOS
since the breathing discomfort given by dyspnoea is generally
connected with cardiac and respiratory system disorders. The
token comes to p3 when the condition WOS(X i[t],ω) >

WOS(X̂ i[t],ω) is verified, where X̂ i[t] is a 2 × 2 diagonal
matrix whose eigenvalues are (XFSpO2

+ ε ) and µiHR[t]. Please
note that XFSpO2

denotes the critical value of oxygen saturation
set to 90% [38].

3) Hypoxemia (purple block): The hypoxemia is an abnor-
mal 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 i

SpO2
[t] < XFSpO2

is verified.
4) Shortage of a measure (orange block): The orange block

detects the shortage of a measure that may indicate a failure of
the pulse oximeter or that the subject’s health status prevents
her/him from acquiring the measure. We designed this block
with a place of warning p5 and a place of alarm p10. The
token comes to the former place when X i[t] is missed in
time slot Υi , whereas it comes to the latter place when two
measures collected in consecutive time slots are missed. Note
that when a measure is missing and the token is in a warning
place coming before an alarm place (i.e., p2 and p8) the token
directly shifts to p10.

5) Exacerbation (brown block): We designed 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(X i[t],ω) > WOS(X̂ i[t],ω) · ξλ . While the values of
λ, ε ∈ <+ are personalized for each subject, the value of
ξ ∈ [0, 1] depends on the different conditions it represents: it is
modeled as an arithmetic progression with common difference
computed as 1 by the number of places in this block, i.e.,
1/4. Note also that the transitions linked to the first (and the
less serious) warning place p6 have activation conditions with
ξ = 0.25, whereas the transitions connected to the alarm place
p9 has ξ = 1.

As multiple transitions arise from the places
p1, p2, p5, p6, p7, p8, it could happen that a measure X i[t]
simultaneously satisfies different conditions, firing different
transitions. To break the corresponding ties, the token shifts
through the transition with the largest priority level Lblock .
The priority order, from the highest to lowest, was set as
LMissing , LHypoxemia , LDyspnoea , LSinus tachycardia ,
and LExacerbat ion . This queue was defined taking into
consideration the subject risk associated to each event and
the net architecture.

C. Parameter estimation

As a subject begins to be tele-monitored by the DSS,
the values of WEDS free parameters (Φ = {ω, ε, k, λ})
are adjusted in a training phase allowing a subject specific
personalization of the predictive model. The method, presented
in algorithm 1, leverages on subject measures collected for d
consecutive days and populating the validation set. The method
also needs a set of training data containing measures collected
from other subjects and annotated by physicians, where the
optimal parameter set is a-priori computed minimizing the
error rate for subjects in the training set. To this aim, the
search intervals of free parameters are:
• in the matrix ω the computation sets ωHR = 1 and it

allows ωSpO2 ∈ N to vary in [1, 20], due to their relative
contribution in formula 3;

• the parameter ε lies in the interval [0, 2], sampled with a
step equal to 0.5;



Algorithm 1 Training algorithm

• V is the validation set containing all the measures col-
lected by the subject under test for d training days;

• Sl = {X
i[t]} contains all the measures collected by the

l-th training subject in d days;
• {Sl }

n
l=1 is the collection of data acquired by all the n

subjects in the training set;
• Φ̂Sl

= {ω̂Sl
, ε̂Sl

, k̂Sl
, λ̂Sl

} is the set of WEDS free
parameters associated to the l-th subject in the training set
computed a-priori minimizing the error rate on all his/her
measures;

• sim is the cosine similarity measure between two vectors
a and b formally defined as a·b

| |a | | · | |b | | ;
• wos{Xi[t]},w is a 1 × d vector containing all the WOS

scores computed using the measures collected by a sub-
ject in d days and the weights w.

•

∗

Φ is the output of the training algorithm, and it is the set
of free parameters used to process data collected by the
subject in the testing phase;

1: for each Sl in the training set do
2: compute Φ̂Sl

= {ω̂Sl
, ε̂Sl

, k̂Sl
, λ̂Sl

}

3: siml = wosV , ˆwSl
·wosT

Sl , ˆwSl

4: end for
5: h = maxl siml

6:
∗

Φ = Φ̂Sh

• the parameter k ∈ < lies in the interval [0.84, 1) sampled
with a step equal to 0.02;

• the parameter λ ∈ < lies in [0.1, 0.09]∪ [1, 10], sampled
with a step equal to 0.01.

At the end of this minimization stage, the algorithm returns
the optimal set of free parameters Φ̂ for each training subject.
Next, the method compares the WOS computed on the vali-
dation set of the test subject with the WOS of each training
subject, and it looks for the most similar one by maximizing

the cosine similarity determining the set
∗

Φ used for the test
subject.

III. DATASET

Twenty-two patients affected by COPD (13 men and 9
women, aged between 55 and 75 years) collected H R and
SpO2 signals at home for six months using a wireless pulse
oximeter connected via bluetooth to a mobile phone. The
patients with stages II and III according to GOLD staging [1]
and without cognitive impairment were recruited in two units,
namely Campus Bio-Medico University Hospital of Rome and
Local Health Units of Lanusei, Italy.

Following the protocol devised by physicians with specific
experience in the field, each patient acquired one measure per
time slot Υi , with i = {1, 2, 3}. The first one corresponds to
the morning (Υ1 = {7am ≤ t < 12am}), the second one to the
afternoon (Υ2 = {12am ≤ t < 4pm}) and the third one to the
evening (Υ3 = {4pm ≤ t ≤ 9pm}).

One medical specialist per unit, expert of COPD and with
more than 15 years’ experience, blindly marked each patient

record with a 0-1 labels using an ad-hoc graphical user
interface, where 0 indicates that no critical event has occurred.
Conversely, the positive label 1 marks a worrisome event.
Next, the gold standard for each record was built with the
cooperation of both physicians, who checked all the records
where they disagreed to get a consensus.

IV. EXPERIMENTAL EVALUATION

We designed two experiments described in next two subsec-
tions. In the first, we measured the recognition performance
with respect to the gold standard. In the second one, we
investigated if WEDS may impact the tele-monitoring practice.

A. #1 experiment: WEDS performance

We measured the recognition performance of the proposed
system with respect to the gold standard adopting a leave-
one-subject-out cross validation approach, as recommended
also in [5]. Therefore, for each patient the system param-
eters were first estimated as described in section II-C, and
then WEDS was tested on the available patient records. The
confusion matrices measured for each patient were summed
up and then averaged, computing the recognition accuracy
(Acc = TP+TN

P+N ), the sensitivity or recall (R = TP
P ), the

specificity (S = TN
N ), the precision (Pr = TP

TP+FP ), and the
F1 score (F1 =

2·Pr ·R
Pr+R , i.e. the harmonic mean of precision

and recall) of the system. As usual, P and N denote the
number of positive and negative records, whereas T P, T N and
FP stands for true positive, true negative and false positive
classifications. A true positive classification implies that a
worrisome event was correctly detected by WEDS, whereas a
true negative classification indicates that it correctly recognizes
that no critical event was occurred.

Fig. 3 shows the precision-recall curve when the number of
days d used to set the free parameters of the system varies.
In this respect, we considered 3 ≤ d ≤ 10 as this interval is
reasonable for COPD subjects. The point where the precision
and the recall turn out to be identical, i.e. the break even
point, is marked as BEP in the figure. It represents the most
balanced performance, and it is got between 5 and 6 days;
the best F1 score, achieved at day 5, is equal to 94.0%. On
this basis, first row of TABLE II shows WEDS performance
attained when the the training algorithm uses 5 days to set the
values of the free parameters. The second row of the same
table reports the physician recognition performance, which
was computed comparing the labels they set in the blind
reading phase with respect to the gold standard. The analysis
of Fig. 3 and of TABLE II unveils that WEDS performance
is better than the one attained by the physicians, whatever the
number of days considered in the training stage.

It is worth noting that WEDS performance can not be
compared with those provided by other DSSs available in
the literature because, to the best of our knowledge, these
systems gather data via questionnaires and by means of several
measuring and communication devices used by the subjects,
so that they can not work only with H R and SpO2 data.
Indeed, WEDS works only with these two quantities to cope
with the recommendations of the international societies, as it
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Fig. 3: WEDS precision-recall curve (blue) when the number of training days varies.
In dashed black we report the set of points where precision and recall turn out to be
identical. BEP stands for break-even point.

Performance metrics (%)
Acc R S P F1

WEDS 98.4 92.9 99.3 95.1 94.0
Physicians 93.6 71.3 95.4 55.5 62.4

TABLE II: Average performance (%) achieved by WEDS and by physicians in compar-
ison with the gold standard defined in section III. On the basis of precision-recall plot,
WEDS performance corresponds to the one achieved when the training algorithm lasts
for 5 days.

is important to avoid complex daily measurements as they
drop COPD subject cooperation. Furthermore, the method
presented in [32] and introduced in section II-A, which works
with a threshold heuristically set on the oximetry score, was
excluded here from the comparison since its performance was
not satisfactory [5], as we experimentally verified in [33] also
for WOS.

B. #2 experiment: WEDS impact in tele-monitoring practice

In this experiment two physicians, experts of COPD and
working in different centers, were first asked to annotate with
0-1 labels a set of records of the patients using an ad hoc
software interface simulating the stream of data coming from
the pulse oximeter so that they saw only the current and the old
measures. We did not ask the physicians to mark the shortage
of a measurement as it can be easily detected.

After three months (at least) the same experts were asked to
annotate the same set of records where, however, the software
interface not only simulated the stream of data coming from
the device, but it also displayed the output computed by
WEDS, thus supporting the physicians in the decision-making
process.

To analyze this experiment, we compared labels provided
by the physicians computing several measures of agreement
between the pair of ratings. Our data basically consisted
of two independent ratings with respect to a dichotomous
outcome: for this reason, we decided to compute the four
indices defined with respect to TABLE III. The first is the
proportion of overall agreement defined as Po =

a+d
a+b+c+d .

This quantity is informative and useful, but it taken by itself
does not distinguish between specific agreement on each class.

Rater 2
Positive Negative

Rater 1 Positive a b
Negative c d

TABLE III: Summary of binary ratings by two raters.

Annotation Agreement
Po pa na k

without DSS suggestions 90.7% 46.5% 94.9% 0.907
with DSS suggestions 97.3% 92.0% 98.4% 0.913

TABLE IV: Agreement between the physicians.

The second and third index is the positive (pa) and negative
agreement (na), respectively. They measure the agreement
relative to each category and they are defined as pa = 2a

2a+b+c
and na = 2d

2d+b+c . The fourth index is the Cohen’s kappa
(k) [39], which measures the agreement between two raters
who classify samples into mutually exclusive classes. It is
defined as k = Po−Pe

1−Pe
, where Pe is the hypothetical probability

of chance agreement. As reported in [40], 0 < k ≤ 0.2 implies
slight agreement, 0.2 < k ≤ 0.4 implies fair agreement,
0.4 < k ≤ 0.6 implies moderate agreement, 0.6 < k ≤ 0.8
implies substantial agreement, and 0.8 < k ≤ 1 implies almost
perfect agreement.

TABLE IV presents the results of this statistical analysis.
The agreement between the two raters increases when their
decisions are supported by the output of the DSS: in fact,
not only the overall agreement augments up to 97.3%, but
also the positive agreement raises from 46.5% to 92.0%,
suggesting that the support provided by WEDS largely impacts
the detection of the worrisome events. These improvements
reflect in the gain of k value that, still suggesting almost
perfect agreement, raises up to k = 0.913.

V. CONCLUSION

In this paper we have presented a decision support system
that detects the onset of COPD-related worrisome events. It
uses H R and SpO2 data collected via a pulse oximeter per-
mitting an easy application of the method to COPD patients.
The DSS leverages on a Petri net, whose training stage allows
a subject specific personalization of the predictive model,
triggering warnings and alarms as the health status evolves
over time. The experiments show two main findings. First,
when compared with gold standard annotations, the system
achieves promising results and its recognition performance
is better than the one attained by medical experts. Hence,
we deem that WEDS is a reliable tele-monitoring tool for
COPD patients. Second, using WEDS as a tool supporting
medical decision allows increasing the agreement between the
specialists, largely impacting the recognition of the critical
events. Although WEDS has to be validated in a wide clinical
environment, it could allow to reduce the inter-expert variabil-
ity, facilitating the standardization and promoting the use of
DSS in this field. Similarly to what happens in other fields,
the use of WEDS could pursue four major objectives in COPD
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tele-monitoring: (i) performing a pre-selection of the cases to
be examined, enabling the physician to focus his/her attention
only on relevant records, (ii) serving as a second reader, thus
augmenting the physician capabilities and reducing errors, (iii)
aiding the physician while he/she carries out the diagnosis, (iv)
working as a tool for training and education of specialized
medical personnel.
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