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Abstract— Asthma and Chronic Obstructive Pulmonary
Disease are chronic and long-term lung diseases. Disease
monitoring with minimal sensors with high efficacy can make
the disease control simple and practical for patients. We
propose a model for the severity assessment of the diseases
through wearables and compatible with mobile health
applications, using only heart rate and SpO: (from pulse
oximeter sensor). Patient data were obtained from the MIMIC-
III Waveform Database Matched Subset. The dataset consists
of 158 subjects. Both heart rate signal and SpO: data of
patients are analyzed via the proposed algorithm to classify the
severity of the diseases. Strategically, a rule-based threshold
approach in real time evaluation is considered for the
categorization scheme. Furthermore, a method is proposed to
assess severity as an Event of Interest (EOI) from the computed
metrics in retrospective. This type of autonomous system for
real-time evaluation of patient’s condition has the potential to
improve individual health through continual monitoring and
self-management, as well as improve the health status of the
overall Smart and Connected Community (SCC).

I. INTRODUCTION

Asthma and Chronic Obstructive Pulmonary Disease
(COPD) are characterized by respiratory symptoms due to
airflow limitations and alveolar abnormalities in the
presence of significant exposure to gas or noxious particles.
COPD is currently the fourth most prevalent cause of death
in the world and it is projected to be the third leading cause
of death by 2020 [1]. Asthma and COPD are leading causes
of morbidity and mortality, including economic and social
burden. In the USA and European Union, COPD related
management incurs from 38.6 billion Euros and 32 billion
dollars loss, per year respectively [1-2]. The European
Respiratory Society and American Thoracic Society Task
Force consider asthma severity into mild, moderate, and
severe groups excluding uncontrolled and refractory asthma
based on pulmonary function tests along with treatments [2].

Sanchez-Morillo et al. suggested the scope for early
detection of the severity of both COPD and asthma by
different learning methods based on clinical measurements
from various sensors [3]. According to the Global Initiative
for Chronic Obstructive Disease (GOLD) guidelines, the
severity of the patients with COPD is labeled in four classes
according to the Forced Expiratory volume in 1 second
(FEV1) values [1]. A decision support system with threshold
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has been adapted to detect the exacerbation with heart rate
and oxygen saturation by a group of researchers [4],
although their accuracy is high for predicting exacerbation,
but they did not classify the severities. Heart rate and SpO,
values are independent and no significant correlation was
found during stable periods and severe periods COPD
exacerbation [5]. The COPD and Asthma populations’
distributions are compared with K-means clustering to set up
correct model representations [6].

A smart and connected community (SCC) aims to use
embedded sensors and computing for greater benefit to
individuals, the community, and society with interlocking
physical, social, behavioral, economic, and infrastructural
challenges. Ability to detect and monitor progression of
COPD and Asthma using physiological data such as heart
rate and SpO, from wearables can lead to better self-
management and improved overall health of SSC.

In this work, the primary focus is to classify the disease
from normal to severe with the help of a model-based
algorithm by analyzing time series signals captured using
minimal sensors. In this scenario, Events of Interest (EOI) is
the severities of asthma and COPD that are computed first
individually, then combined, by using the peripheral oxygen
saturation and heart rate signals captured from the pulse
oximeter. Then, based on the EOI score, five distinct stages
are categorized according to the GOLD guidelines.

II. DATASETS

All the datasets used in this study are from the publicly
available database from PhysioNet [7]. The total number of
patients is 158, where 85 have COPD, 67 have Asthma, and
6 are healthy subjects as the control group in retrospect.

For asthma datasets, 5 subjects are taken from the
MIMIC-II Waveform Database and the other 62 subjects
from the closely related, recently released MIMIC-III
Waveform Database Matched Subset. The subjects selected
from the MIMIC-III are according to the International
Classification of Diseases (ICD9) code 493 and only labeled
1 for the sequence number or the order of treatment. For
COPD, all 85 subjects are from MIMIC-III Matched
Waveform Dataset, according to their ICD9 code 496, and
treatment order labeled as 1 or 2.

Healthy control groups are available from two separate
databases; 5 subjects are from the CAP sleep database and
one healthy subject is from ECG sleep apnea database. All
the databases used here for the data collection are labeled as
Class 3, standing for other contributed collections of data,
including works in progress.



III. METHODS
A. Data Collection

The heart rate and oxygen saturation values processed
from the photoplethysmogram signal are captured by the
pulse oximeter. Pulse oximeters are noninvasive portable
medical devices and easily adaptable both in normal and
hospital lives. In our case, we have used the dataset with one
sample per minute collected continuously. In case of
different sampling frequencies removing samples (under
sampling) performed to match the samples per minutes.

B. Data Processing

Missing values are common occurrences in datasets. In
this study, the mean is imputed by a continuous linear
interpolation of neighboring, non-missing values. In Fig. 2,
the raw signal and processed signal for both heart rate and
oxygen saturation are shown. For heart rate signal, values
outside 40 and 200 bpm are taken as outliers, as well as for
oxygen saturation, values outside 20 and 100 are disregarded
from consideration.

C. Feature Extractions

The mean and the standard deviation of heart rate and
oxygen saturation are the features in the study of decision
support system [4]. In this study for the proposed rule,
features extracted from heart rate and SPO, are the
percentages of the total duration of labeled minutes. To
extract the features, the signals are divided into five zones
based on threshold values like GOLD stages [1]. For heart
rate, the classes are NOR (Normal) for less than 90, MIL
(Mild) for 90-100, MOD (Moderate) for 100 — 110, SEV
(Severe) for 110 — 120 and VES (Very Severe) for greater
than 120 beats per minutes [8]. For peripheral oxygen
saturation value, greater than 92% is considered as NOR, for
stage MIL it is 90% - 92%, and for stage VES less than 80%.
The stages MOD and SEV are differentiated by the clinicians
based on the presence of only room air or external O, supply
[8]. In this current study, stages MOD and SEV are taken as
between 85% - 90% and 80% - 85% respectively. However,
in GINA guideline asthma exacerbations management
considers heart rate of 100 -120 bpm and SpO2 of 90 -95%
mild or moderate asthma and heart rate greater than 120 bpm,
and SpO; less than 90% as severe asthma.
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Figure 2: Raw and processed data for Heart Rate and SpO,.
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The processed signal on the right-hand side in Fig. 2, both
heart rate and oxygen saturation signals are separated into
stages as NOR, MIL, MOD, SEV, and VES minutes. Then,
the minutes in each stage are summed and scaled in

percentage compared to the total number of minutes. In this
way, finally from heart rate and SpO,, the percentage of
minutes of five stages gives total ten extracted features.

D. EOI Calculation

The severity is computed as Events of Interest (EOI) [9]
from the extracted features from the ten different
percentages of minutes HR; and SpO;;. EOlur and EOIspo2
values are calculated with ¢;.
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a; = Weightage for Heart Rate (HR) or SpO in stage i.
HR; = Percentage of minutes for Heart Rate in stage i.
SpO.; = Percentage of minutes for SpO, in stage i.

B ur = Weightage for Heart Rate.

B spo2 = Weightage for SpOs.

Eviv = the smallest value for variable EOL.

Ewmax = the largest value for variable EOIL.

TABLE I. MATHEMATICAL FUNCTIONS FOR & MODEL

Models | Description o Values

Cubic 2333, 4% 5%, 6° [1.82, 6.14, 14.55, 28.41
(CM) 49.1]

Tangent | tan(1°), tan(22.5°), tan(45°), | [0.03, 0.68, 1.64, 3.95,
(TM) tan(67.5°), tan(89°) 93.71]

E. Model Selection

In the model-based approach, simple linear functions are
explored to estimate the values of hyperparameter ¢; by
models in Table I. Different o values from the table are
different weights for the distinct stages and making the
mathematical model for calculating EOI. For stage NOR, it is
expected to have low weight, for stages MIL, MOD and SEV
the weights are gradually increased, and for stage VES the
weight is expected to have the greatest value.

The cubic model (CM) has steady slope characteristics
and all the severities except stage VES have greater values in
a cubic model with comparison to the other tangent model
(TM). Among the two models, the sharpest rising weight is
the tangent model (TM) and this model gives the largest
value to the stage VES compared to the other model (CM).

The hyper parameter {3 is expressed as a ratio of the weight
of the heart rate to the oxygen saturation to calculate EOI. In
the literature [4], Merone et. al., explored the ratio of heart
rate and SpO; from 50:50 to 5:100, exploring equal weights
to continuously increased weights to SpO,. In this study,
similarly, two B ratios are explored, Heart Rate: SpO, as
50:50 (Be) and 40:60 (Bu).

F. Classification

Based on the EOI for COPD, Asthma, and healthy control
groups, the stages are linearly separated into five separate
groups. For COPD according to GOLD [1], the stages are



mild, moderate, severe, and very severe. For asthma
according to the GINA guidelines [2], the stages are mild
intermittent, mild persistent, moderate persistent and severe
persistent. For stage NOR classification, the EOI threshold
for healthy to patient EOI (0-1) is taken. Then for MIL: EOI
(2-9), MOD: EOI (10-19), SEV: EOI (20-49), VES: EOI
(50-100) are used to calculate the distinct severities. This
distribution gives highest agreement [6].

G. Severity Result Performance Evaluation

Some of the known and often used results are accuracies,
sensitivity, specificity, harmonic mean (F1 Score), precision,
positive predictive value, and negative predictive value.
Based on the performances models are selected for
calculating the severity of asthma and COPD.

IV. RESULTS

COPD, asthma, and healthy control groups showed the
different percentage of time duration at various severity level
for both signals. In Fig. 3, a representative distribution of the
percentage of the duration for heart rate and SpO» signal are
shown for subjects of the three groups. For COPD patients,
heart rate signal is in stage NOR for 47% of the total
duration. The other stages of heart rate are 23%, 22%, 4%,
and 3% from low to high severe minutes. Similarly, SpO, of
the COPD subject is in the stage NOR for 61% of the total
duration spent. For the asthma subject, the percentage of
minutes spent in each stage is 4%, 32%, 26%, 18% and 20 %
gradually for heart rate. Similarly, SpO, percentage of
minutes are 72% in stage 0, 9% in stage 1, 7% in stage 2, 3%
in stage 3 and 8% in stage 4. For the healthy subject, heart
rate stage NOR percentage of minutes is 85% and stage MIL
is 15%. The healthy subject spent total time in SpO, stage
NOR.

Table III delineates the total mean and standard error
values for heart rate and SpO, among the COPD and asthma
subjects. The standard error shows large values and a wide
distribution of COPD and asthma subjects.

The final four different models consisted of combinations
of two different o and 3 values are compared in the Fig. 4 to
show the score distribution of the models by their
relationships with EOI values. The vertical lines stand for the
error bar. For the total samples, Fig. 4 depicts the mean and
the standard error for all the subjects in the datasets. By only
taking equal ratios (Heart Rate: Sp0,-50:50, Bg), asthma
subjects showed greater EOI in compared to unequal ratios
(Heart Rate: Sp0,-40:60, Bu) considering the same models.
The overall EOI for asthma and COPD mean for same f3
values the cubic model (acm) showed greater mean compared
to tangent model (orm).

The subjects from Fig. 3 for COPD, asthma, and healthy
are shown with their calculated EOI values in Fig. 5. As the
asthma subject spends severe heart rate minutes, so the EOI
value reflects the high score compared to the COPD subject.
The healthy subjects have the least EOI values in the figures.
For the four models, the calculated EOI values are also
plotted to compare their scores.

The main aim of this study is to make models to classify
different severities for the diseases, but the severities of the

subjects are not in the datasets. So, the performances of the
models are reported based on calculating the accuracy,
sensitivity, and area under the curve on the capability to
distinguish the subjects from healthy to patients. A default
EOI threshold scores (0-1) is set to avoid the overfitting. In
Table IV, the four models are compared according to their
performances. The best accuracy for COPD is 76%, and for
asthma is 60%. The sensitivity is 45% for the model arm for
COPD, for asthma 78%. Specificity is 100% for both
diseases.

TABLE II. HEART RATE AND SPO; OF THE STUDIED GROUP

SuBsEcTs | NOR | MIL | MOD | SEV | VES

86.95= | 445+ | 3.14+ | 1.13x | 433+

COPD | 1520 | 467 | 481 | 225 | 1329

SPO, Astiva | 8988+ | 458+ [ 282: | 112t | 161+

(o) 1592 | 7.14 6.15 3.18 575

HEALTHY 100 0 0 0 0

7259+ | 1522+ | 758+ | 2.65+ | 196+

COPD | 3089 | 1698 | 1162 | 616 6.91

HR [ 48475 | 17865 | 1648+ | 9985 | 721%

(BPM) 3514 | 1604 | 179 | 1552 | 1435
975+ | 25+

HEALTHY 6.12 6.12 0 0 0

Values are presented as a mean + standard deviation of the percentage of
minutes.

Heart Rate SPO,
COPD COPD
VESanos Y 4 VES: 1% SEV:3%

MOD: 22%

O 17 %

PIL:1 8%

NOR:AT% MIL:23% NOR:61%
Asthma Asthma

MIL 320, NOR:4% VES:B%  sSEV:3%

N ES 20

S ML 9%

MOD-26 SEWV:18%

MOR:T2%
NOR: a5 IL150 NOR:100% MIL:< 1%
OD:< 1%

OD:= 1%
SEW: = 1%

SEV:< 1%

WVES:= 1% WES:=< 1%

Figure 3: Heart Rate and SpO, Percentage distribution of Severity for
sample representative from COPD, Asthma, and Healthy.

For both COPD and asthma, the tangent model (orm)
have better accuracy, but the cubic models (ocm) have better
sensitivity results. For asthma, only the armfBe performs well
having maximum accuracy 60% and 78% sensitivity. Upon
considering the accuracy results for COPD ormfBu (maximum
accuracy 76%) and for asthma armPe are selected as the best
models. The severities based on the generated EOI score are
discretized into five stages. The distribution of the asthma
subjects and COPD subjects with the healthy control subjects
are in Table IV. The model exploits the observed data set
variable dependencies as opposed to the fact of assumptions.



In this early stage work, the algorithm is developed by
using ICU patients’ information. However, this algorithm can
be applicable for subjects beyond clinical settings. In future
implementation, further evaluations of these settings need to
be investigated. Furthermore, inclusion of higher number of
healthy subjects and patients will further substantiate analysis
in future.
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Figure 4. EOI Mean and error bar plots of four selected models for
COPD, Asthma, and Healthy.
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Figure 5. EOI validation plots for sample representative from COPD,
Asthma, and Healthy.

TABLE III. THE PERFORMANCE METRICS

V. DISCUSSION

The proposed algorithm uses retrospective data from the
publicly available databases and contribute to the
advancement in the home management system for the
patient well-being. In the absence of the annotation, in
accordance to literature, we followed established clinical
criteria and confirmed verifying by using k means clustering
as an alternative method [6].

VI. CONCLUSION

Asthma and COPD are prevalent mostly among older
adults and smokers. A severity classifier implementation will
help to check the level of sickness for the patients suffering
from the diseases. In this study, a simple approach is
proposed based on the duration of the time passed for each
vital sign. Accordingly, the proposed system of calculating
severity as an Event of Interest (EOI) consists of a scaled
value to inform the patient about the severity based on the
score generated by the system. We have proposed flexible
and reliable features and algorithms for both asthma and
COPD to improve patient wellbeing.

The proposed solution can provide immediate feedback to
the patient for effective self-management of diseases, which
along with sharing of EOI with other community members
can lead to an improvement of overall community SCC
health.
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