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Abstract

Congestive heart failure (CHF) is a chronic heart disease that
causes debilitating symptoms and leads to higher mortality and
morbidity. In this paper, we present HARPER, a novel auto-
matic detector of CHF episodes able to distinguish between
Normal Sinus Rhythm (NSR), CHF, and no-CHF'. The main ad-
vantages of HARPER are its reliability and its capability of
providing an early diagnosis. Indeed, the method is based on
evaluating real-time features and observing a brief segment of
ECG signal. HARPER is an independent tool meaning that it
does not need any ECG annotation or segmentation algorithms
to provide detection. The approach was submitted to complete
experimentation by involving both the intra- and inter-patient
validation schemes. The results are comparable to the state-of-
art methods, highlighting the suitability of HARPER to be used
in modern loMT systems as a multi-class, fast, and highly ac-
curate detector of CHF. We also provide guidelines for config-
uring a temporal window to be used in the automatic detection
of CHF episodes.
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Introduction

We are living in the era of wearable devices, which are im-
portant components of human health for the prevention of dis-
eases or pathological conditions. These devices have become so
widespread that they play an essential role in healthcare and tel-
emedicine systems [1]. The key aim of incorporating technol-
ogy into healthcare systems is to increase the quality and usa-
bility of medical devices and facilities by providing improved
interfacing capability between patients and caregivers [2, 3]. In
remote healthcare monitoring, the Internet of Medical Things
(IoMT) played a critical role. The Internet of Medical Things is
primarily used to collect remote data for patients via wearable
sensors/devices and store it in cloud databases. These data are
available to caregivers for real-time review and implementation
and specific systems to provide automatic analysis [4, 5]. A re-
cent example of a telemedicine system is ATTICUS [6, 7].
ATTICUS provides a bustier wearable [8] able to acquire at
least 6-lead continuous electrocardiogram (ECG) signal and
other vital parameters. A Decision Support System (DSS) [7] -
structured as a distributed Al software - is in charge of provid-
ing the early diagnosis of several pathological conditions,
which could require immediate attention by doctors.

One of such conditions is Congestive Heart Failure (CHF), a
common pathophysiological condition common, with around

26 million adults diagnosed with the disease worldwide in 2014
(91

Thus, much effort was undertaken by the scientific community
to aim at automatically identify CHF. Most of the works pro-
pose a detector of CHF that provides a binary classification of
a signal in CHF and Normal Sinus Rhythm (NSR) [10-13]. A
minor part of the scientific community has modeled the CHF
detection problem as a multi-class prediction problem to avoid
that pathological signals different from CHF are erroneously
classified as CHF [14]; in such cases, three classes are typically
used: CHF, NSR, and no-CHF (i.e., pathology different from
CHF). In both cases, a variety of temporal observations were
adopted. For example, Xiong et al. [13] experimented with us-
ing an ECG segment with a fixed length in terms of samples,
while Porumb et al. [12] relied on observations at heartbeat
level. The main drawback of such approaches is that they pro-
vide only binary classifications [10-13] or depend on other
safety-critical algorithms to obtain the ECG segmentation.

In this paper, we introduce HARPER (detector of congestive
Heart fAiluRe ePisodes for mEdical suppoRf), an automatic
method to detect CHF in a single-lead digital ECG.
HARPER is a near-real-time approach capable of multi-class
identification of a given windowed ECG signal in CHF, NSR,
and no-CHF (i.e., pathological rhythm, but different from
CHF).

The main contributions of this paper are the following:

e we introduce HARPER, a reliable and independ-
ent detector because it is capable of providing a
multi-class identification (instead of a binary
one). It is not dependent on other algorithms
(e.g., an R peak detector) for the ECG segmenta-
tion because it involves a fixed-length segmen-
tation.

e Since CHF is a chronic condition [5], we con-
ducted a complete study to assess the duration of
the best temporal window in which to observe
CHF. This was done within two scenarios: (i) in-
tra-patient intended as the case when no per-
sonal data is available for a new subject to be
monitored in ATTICUS and (ii) inter-patients
when personal data are available in the training
set.

The rest of the paper is structured as follows: Section 2
describes the planning of our study, highlighting the
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workflow of HARPER and the datasets used, the experi-
mental procedure and the validation schemes. Then, in
section 3 “Results”, the results obtained in all the experi-
mental settings are described. Finally, section 4 concludes
the paper by reporting analysis on the various outcomes
and highlighting the future works.

Methods

In this section, we present the high-level workflow of
HARPER. Then we describe the performed ECG pro-
cessing and the context of this study. Moreover, we de-
scribe the experimental procedure and the validation
schemes.

HARPER Workflow

The high-level workflow of HARPER is described as follows.
First, we consider w the length of an observation window (in
seconds). Then, HARPER takes the ECG signal from the patient
as input, having a length greater than or equal to w - f, where f
is the sampling frequency of the ECG signal. Next, the ECG
signal is divided into several segments based on the segmenta-
tion window. On each segment, we perform a feature extraction
step. Finally, the extracted features are submitted to a trained
machine learning model which performs the signal classifica-
tion. In this way, as the output of the last step, HARPER pro-
vides a label for the most probable classification among NSR,
CHF, and no-CHF.

ECG Signal Processing and Features Extraction

The signal processing performed on the ECG starts with the
detrend operation, where the average of the signal is computed
and subtracted from the input signal. Then the following litera-
ture features [15] are extracted: (i) energy of Maximal Overlap
Discrete  Wavelet Transform (MODWT), using db2 as
Daubechies wavelet transform and 15 levels of decomposition
[16], Autoregressive (AR) Model of order 16 [17], Multifractal
Wavelet Leader [18], using db3 as wavelet transform and Fast
Fourier Transform (FFT).
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2.3 Study Design

The final goal of this study is to assess the suitability of
HARPER as a detector of Congestive Heart Failure.

To achieve this, we designed two research questions:

e RQ;: What is the optimal value of the w parameter?
With the first research question, we aim to tune the w
parameter to understand how many seconds of obser-
vation are needed to perform the best prediction;

e RQ2: What is the classification effectiveness of
HARPER? With this second research question, we
want to evaluate the accuracy of HARPER in the de-
tection of CHF episodes.

We also want to evaluate HARPER in different validation tech-
niques such as intra-patient and inter-patient (where the data of
a subject is not or partially considered in the training of the
model, respectively) strategies.

Context of the Study

In our study, we used a dataset of 162 ECG recordings extracted
from the PhysioNet database [19], provided by MathWorks'. In
the final dataset, there are 36 recordings of subjects with NSR,
96 with no-CHF anomalous episodes (i.e., arrhythmia), and 30
recordings from subjects affected by CHF. The reason behind
the use of this dataset is that (i) it is composed of signals from
different datasets, providing a more heterogeneous set of ECG
recordings, and (ii) it contains not only CHF recordings but also
that no-CHF. In this way, HARPER can distinguish abnormal
recordings with CHF episodes from abnormal but contains no-
CHEF heart diseases.

Baseline approach

We selected a recent approach from the literature, i.e., the ap-
proach proposed by Yang et al. [14] as a reference baseline for
the evaluation of HARPER. Beyond the high accuracy, we
chose this work because the authors perform a three-class iden-
tification of ECG in NSR, CHF, and Coronary Artery Disease
(CAD). Their approach combines an ECG fragment alignment
(EFA) with principal component analysis (PCA) and a convo-
lutional network (EFAP-Net) to ensure heartbeats consistency
between subjects eliminating heart rate differences. Finally,
they use a linear SVM as a classifier. They also successfully
applied intra-patient and inter-patient validation techniques.

Table I - Evaluation of the best temporal ECG window and classifiers in the intra-patients scenario.

Model Sampling Preprocess o ) 10s 158 ) 208
Se% Sp% Pre% F1% | Se% Sp% Pre% Fl% | Se% Sp% Pre% Fl1% | Se% Sp% Pre% F1%
RandomForestClassifier SMOTE MinMaxScaler | 97.73 9876 97.76 9774 | 9867 9935 9869 9867 | 9846 9939 9849 9846 | 9864 9951 9867 9865
RandomForestClassifier - . 9794 9808 9795 97.94 | 9885 9907 9885 9885 | 99.8 9924 99.19 99.18 | 9901 0898 99.01 99.01
SVM_Classifier SMOTE StandardScaler | 9743 9869 9748 9744 | 9776 9882 9780 9777 | 9791 9935 9799 9792 | 9790 9885 9794 9791
SVM_Classifier . SundardScaler | 9743 9821 9744 9743 | 9825 9868 9825 9825 | 9791 9871 9793 90791 | 9815 0845 9815 O8I
KNeighborsClassifier SMOTE 4974 7166 5550 5139 | 5711 7633 6304 5886 | SL81 7389 5785 5350 | 5420 7341 5933 5564
KNeighborsClassifier - . 5879 5782 5530 5568 | 6304 6183 6030 6088 | 6025 6090 5735 5781 | 6185 6180 5987  60.01
LogisticRegressionClassifier - StandardScaler | 9449 9544 9449 9449 | 9685 9754 9687 9686 | 9682 9768 9684 9683 | 97.16 9804 9719 9717

N ) 25s 30s 60s 1208
Model Sampling Preprocess | o Sp% Pre% F1% | Se% Sp% Pre% Fl% | Se% Sp% Pre% Fl% | Se% Sp% Pre% FI%
RandomForestClassifier SMOTE MinMaxScaler | 99.54 9970 9954 9954 | 99.27 9936 9928 9927 | 9808 9840 9809 9807 | 9615 9888 9640 96.19
RandomForestClassifier - . 99.60 9955 99.69 99.69 | 9873 9828 9874 9R73 | 99.23 9926 9923 9923 | 9692 9845 9693 9692
SVM_Classifier SMOTE SundardScaler | 9738 9803 9739 9738 | 9891 9903 9891 9891 | 9692 9817 9700 9694 | 9538 9673 9538 9538
SVM_Classifier - SundardScaler | 9799 9837 9800 9799 | 9837 9819 9838 9835 | 98.08 9844 9810 90809 | 9385 9494 9386 9383
KNeighborsClassifier SMOTE - 5093 7308 57.02 5269 | 4646 6832 5263 4818 | 46.54 6772 5451 4R71 | 4462 7356 SLT1 4651
KNeighborsClassifier . . 6034 6055 5743 5792 | 5608 5283 5102 5231 | 5846 5584 S6A7T 5689 | 5462 6481 5129 5221
LogisticRegressionClassifier - StandardScaler | 9691 9753 9692 9691 | 97.82 9783 9784 9782 [ 97.69 9830 9774 97.69 | 9769 9942 9793 9114

! PhysioNet ECG data - https:/github.com/mathworks/physionet ECG_data/
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The main drawback of such an approach is that it involves the
ECG segmentation at the heartbeat level, which could be less
suitable in real-time scenarios because of the high computa-
tional cost of a robust R peak detector. Due to the consideration
that CHF is a chronic condition, in HARPER, we tried to avoid
any dependence on external algorithms, and we only focused
on a fixed-length observation of the ECG. Indeed, in the context
of ATTICUS, we needed to design a highly reliable near real-
time approach of CHF episodes in two scenarios: when per-
sonal data are available in the monitoring and when a new
ATTICUS user has to be continuously monitored.

Experimental Procedure

For what concerns RQ1, as we want to evaluate the best ECG
temporal window to provide an accurate multi-class detection
(therefore a better observation of CHF episodes), we need to (i)
split the ECG recordings into segments and (ii) assess the best
classifier that is possible to define on the top of that data is.
First, we defined a set of possible durations of time windows.
Furthermore, we performed the ECG segmentation based on the
defined temporal windows and the extraction of the previously
described features. We selected a set of time windows ranging
from 5 to 120 seconds. We extracted a total of 321 features,
where 256 are resulted from FFT, 16 from MODWT, 16 from
Multifractal Wavelets and 33 from the AR Model.

Next, for the intra-patients scenario, we built different machine
learning pipelines, testing out different models in combination
with pre-processing and sampling techniques. In this way, we
aimed to assess which is the best temporal window and which
could be the best model to use for the specific intra-patients
scenario. For example, for RandomForest, we only applied a
min-max scaling, but for SVM, we applied standardization. We
also evaluated the impact of data balancing techniques, such as
SMOTE [20]. In detail, we first removed highly correlated fea-
tures, removing those having a Pearson correlation coefficient
r greater than 0.95. Then, we applied a tree-based estimator fea-
ture selection technique, where the impurity-based feature im-
portance is computed. The parameters used were 100 as the
n_estimators and 1.25*median as the threshold for feature im-
portance. In this way, we discarded the irrelevant features ac-
cording to their importance. The resulting number of features
could vary based on the temporal window used for the ECG
segmentation. The final step of our classification pipeline con-
sisted of a combination of a random split of training and test set
(i.e., 80-20), data sampling (i.e., SMOTE), data pre-processing
(i.e., scaling, standardization), and a classification algorithm.
We used the default parameters for each classification algo-
rithm, as provided by the Python library scikit-learn’. Finally,
we opted for using the best model obtained from the intra-pa-
tients scenario to assess the best window duration also in the
inter-patient scenario. The pre-processing scheme used was the
same.

We evaluated the classification performance using widely-used
metrics for classification tasks, namely Sensitivity, Specificity,
Precision, F1 score.

2 scikit-learn - https://scikit-learn.org/

Table 2 - Dataset overview after ECG segmentation

Temporal ARR NSR CHF Total
window
(seconds)

5 9792 3672 3060 16524

10 4896 1836 1530 8262

15 3264 1224 1020 5508

20 2400 900 750 4050

25 1920 720 600 3240

30 1632 612 510 2754

60 768 288 240 1296

120 384 144 120 648

With respect to RQ2, taking into account the results of RQ, and
to assess the classification performance of HARPER, we con-
ducted its validation considering the best ECG time window
combined with the best performing classification pipeline.
Moreover, we compared our approach with the selected base-
line [14] to assess if HARPER has comparable performance to
a state-of-the-art approach for CHF detection. As we used the
random split technique to split the dataset into training and test
set, we decided to perform 1000 executions to reduce a possible
bias due to the randomness. On the other hand, for the intra-
patient protocol, we performed » executions where n corre-
sponds to the number of patients in our dataset (i.e., 162). A
specific patient is selected for each execution as the test set, and
the remaining are used as the training set. In this way, the model
observes a brand-new set of ECG recordings not evaluated be-
fore. We used the same classification metrics in RQ; (i.e., Sen-
sitivity, Specificity, Precision, F1 score.), taking the average
value across all patients.

Figure 1 - Metrics distribution for the intra-patient scheme.
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Results

In the following sub-section, we describe the results achieved
to answer our research questions.

RQi: ECG Segmentation

In Table 1, the results of our experiment in the intra-patients
scenario are reported. The percentage scores are displayed for
each time window related to the classification metrics corre-
sponding to each classification pipeline, where we described
the used model and the data pre-processing techniques.

The primary outcome of this experimentation is that an obser-
vation of 25 seconds allowed to obtain the best overall metrics
with a pipeline composed only of a RandomForest model. In
this case, the results exceeded 0.99 on all the evaluated classi-
fication metrics. In Figure 1, the boxplots of the classification
metrics are obtained by experimenting with each time window.
In particular, from this distribution of data, it is also possible to
derive how the time observation with the highest median of the
classification performances is the 25 seconds window. How-
ever, the 20 and 25 time windows are the best in terms of ro-
bustness because even the outliers are approximately above
0.96. On the contrary, this happens for the 120s time window.
For example, the Specificity score is below 0.88, considering
the outliers below the first quartile.

The results of the intra-patient validation protocol showed that
in this specific condition, the best time window is defined by 60
s and not 25 s as previously obtained in the other scenario
(93.13 vs. 91.64 in terms of F1 score).

The reason behind this could be that in the case of a patient that
is never examined before, a larger time window (i.e., a longer
ECG buffering) is needed to achieve an accurate classification.

RQ:: HARPER Classification and Validation

Considering the results from RQ1, we used a reference time
window of 25 seconds and the raw RandomForest as a reference
classification pipeline. We also executed the validation on the
other temporal windows to compare and verify if the previously
selected time window is the best also in an inter-patient sce-
nario. In Table 3, the average percentage classification metrics
of the validation protocol are reported for the inter-patient
scheme. We achieved a score slightly worse than the one
achieved in RQ1 (where we reported the results of a single ex-
ecution), but we aimed to preserve the repeatability of our ex-
periment by avoiding the contribution of randomness.

Table 3 — Classification metrics of HARPER using a window
of 25 seconds and inter-patient validation.

Class Se (%) Sp (%) Pre (%) F1 (%)
NSR 98.74 98.30 99.23 98.98
CHF 97.63 99.67 98.55 98.08
ARR 99.31 99.78 98.83 99.07
Avg. 98.88 98.87 98.88 98.87

We compared our two validation results with the baseline ap-
proach where we only considered the NSR and CHF classes
from the multi-class detection because one of our classes
(ARR) differs from the one proposed by Yang et al. [14]
(CAD). In Table 4, we reported the results compared to the
baseline approach. On the left side, there are the results of the
intra-patient validation where the baseline approach
slightly outperforms HARPER for a few percentage

points. This could be due to their perfectly balanced da-
taset. For the inter-patient validation (right side), in some
cases HARPER outperforms the baseline on both the
NSR and CHF classes. Mainly for the CHF class, we have
better Sensitivity and Specificity values but a lower Pre-
cision value. This means that our approach has more false
positives than the baseline.

Threats to validity

The best procedure would have involved the tuning of all design
parameters on one dataset and their validation on a completely
different dataset of patients. To mitigate this limitation and
work on the only available dataset, we opted to introduce robust
validation schemes: L1SO and x1000 80-20 Cross Validation.

Table 4 - Classification performance compared with the base-
line approach [14] of intra-patient validation (left) and inter-
patient validation (right).

Class NSR Class NSR
Our Yang er. Our Yang er.
Metric  pproach  af [14 D Metric  pproach  af (14 D"
Se (%) 98.74 99.82 -1.08 Se (%) 98.95 92.44 6.51
Sp(%) 9830 9993 -1.63 Sp(%) 99.60 99.26 0.34
Pre (%) 9923 9986  -0.63 Pre (%) 9861 9879  -0.18
F1(%) 9898 9984 -0.86 FI(%) 9878 9446 432
Class CHF Class CHF
N Our Yang er. N Our Yang er.
Metrie e ar iy D Metrie e a1y P
Se(%) 9763 9982  -2.19 Se(%) 9194 8385 8.9
Sp (%) 99.67 99.90 -0.23 Sp(%) 93.78 89.36 442
Pre (%) 98.55 99.81 -1.26 Pre (%) 7125 73.04 -1.79
Fl (%) 98.08 99.81 -1.73 F1 (%) 80.28 7741 2.87
Conclusions

The results of this work clearly highlight that a longer (60 s)
observation of the ECG is needed to best detect CHF episodes
when monitoring in real-time a new user of an IoMT system.
The duration can be reduced (25 s) once enough data points are
made available to the ML pipeline.

HARPER is highly accurate, and it showed great potential to be
embedded in scenarios of continuous monitoring due to its high
accuracy in detection and technological independence. Indeed,
no other algorithms are needed to obtain the ECG segmentation.

HARPER can be considered reliable because it also concerns
the classification of pathological rhythm different from CHF.

As part of our future agenda, we plan to validate the accuracy
of HARPER (i) when common ECG noises (electrode move-
ment or motion artifact) are spread in the signal and (ii) within
the signals directly acquired by the ATTICUS smart vest.
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