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Abstract

Introduction: Heart failure (HF) is a major concern in public health. We have used artificial intelligence to analyze information
and improve patient outcomes. Method: An Observational, retrospective, and non-randomized study with patients enrolled in
our telemonitoring program (May 2014-February 2018). We collected patients’ clinical data, telemonitoring transmissions, and
HF decompensations. Results: A total of 240 patients were enrolled with a follow-up of 13.44 + 8.65 months. During this
interval, 527 HF decompensations in 148 different patients were detected. Significant weight increases, desaturation below
90% and perception of clinical worsening are good predictors of HF decompensation. We have built a predictive model appl-
ying machine learning (ML) techniques, obtaining the best results with the combination of “Weight + Ankle + well-being plus
alerts of systolic and diastolic blood pressure, oxygen saturation, and heart rate.” Conclusions: ML techniques are useful
tools for the analysis of HF datasets and the creation of predictive models that improve the accuracy of the actual remote
patient telemonitoring programs.

Keywords: Heart failure decompensations. Hospital admissions. Remote patient telemonitoring. Artificial intelligence. Machi-
ne learning. Predictive models.

Resumen

Introduccion: La insuficiencia cardiaca (IC) es un motivo de gran preocupacion en la salud publica. Hemos utilizado técnicas
de aprendizaje automatico para analizar informacion y mejorar los resultados. Métodos: Estudio observacional, retrospectivo
y no aleatorizado, con los pacientes incluidos en el programa de telemonitorizacién de IC de nuestro centro desde mayo 2014
hasta febrero 2018. Se han analizado datos clinicos, transmisiones de telemonitorizacién y descompensaciones de IC. Resul-
tados: 240 pacientes incluidos con un seguimiento de 13.44 + 8.65 meses. En este intervalo se han detectado 527 descom-
pensaciones de IC en 148 pacientes diferentes. Los aumentos significativos de peso, la desaturacioén inferior al 90% y la
percepcién de empeoramiento clinico, han resultado buenos predictores de la descompensacion de IC. Hemos construido un
modelo predictivo aplicando técnicas de aprendizaje automatico obteniendo los mejores resultados con la combinacion de
“Peso + Edemas en EEIl + empeoramiento clinico + alertas de tension arterial sistélica y diastdlica, saturacion de oxigeno y
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frecuencia cardiaca”. Conclusiones: Las técnicas de inteligencia artificial son herramientas Utiles para el analisis de las bases
de datos de IC y para la creacion de modelos predictivos que mejoran la precision de los programas de telemonitorizacion

actuales.

Palabras clave: Descompensaciones de insuficiencia cardiaca. Ingresos hospitalarios. Telemonitorizacion. Inteligencia arti-

ficial. Aprendizaje automatico. Modelos predictivos.

Introduction

Heart failure (HF) is a clinical syndrome character-
ized by typical symptoms that may be accompanied by
signs caused by a structural and/or functional cardiac
abnormality, resulting in a reduced cardiac output and/
or elevated intracardiac pressures at rest or during
stress’.

HF is a major concern in public health. Its total impact
is increased by its high incidence and prevalence and
its unfavorable medium-term prognosis. In addition, HF
leads to huge health-care resource consumption: it is
the first cause of hospitalization in persons aged
65 years or older and represents 3% of all hospital
admissions and 2.5% of health-care costs in Spain®.

The application of new information and communica-
tion technologies (ICT) for home telemonitoring of pa-
tients constitutes an alternative for the provision of
health services that improve the quality of life of these
patients and reduces the care burden. Remote patient
telemonitoring (RPT) allows the evaluation of patients’
vital signs and provides diagnostic information that can
be transmitted to health professionals. It has the poten-
tial to involve patients more in their own care, assist the
titration of medications, improve compliance, and help
providers identify early signs of worsening HF and its
precipitating factors®.

It is very hard or even impossible for humans to de-
rive useful information from the massive amounts of
data that have been collected and stored in the health-
care field. This is where artificial intelligence (Al) comes
in, as a way to analyze these data and help diagnosing
diseases as it reduces diagnosing time and increases
the accuracy and efficiency. It is also very useful in
follow-up, prognostic stratification, assessment of re-
lapses, and hospital readmissions.

Machine learning (ML) is a field of computer sci-
ence that utilizes Al to learn relationships or patterns
from the data without the need to define them a pri-
ori*. It arises at the intersection of statistics, which
seeks to learn relationships from data, and computer
science, with its emphasis on efficient computing al-
gorithms. The way that ML algorithms work is that
they detect hidden patterns in the input dataset and

build models. Then, they can make accurate predic-
tions for new datasets that are entirely new for the
algorithms. This way the machine becomes more in-
telligent through learning; so, it can identify patterns
that are very hard or impossible for humans to detect
by themselves®.

Taking into account, the availability of a large data-
base and taking advantage of these new analytical
methods, we have created a study that aims to detect
which parameters measured by RPT best predict HF
decompensations and create predictive models to as-
sess the risk of HF decompensations in real time and
attempt to reduce, if possible, HF-related hospital
admissions.

Method

We performed an observational, retrospective, and
non-randomized study with the patients enrolled in our
RPT program from May 2014 to February 2018. We
collected patients’ baseline data, telemonitoring data,
and patients’ HF decompensations (i.e., emergency ad-
missions, hospital admissions, and home care
interventions).

Patients transmit, through the devices installed at
home, the following parameters daily: systolic blood
pressure (SBP), diastolic blood pressure (DBP), heart
rate (HR), oxygen saturation (O%sat), and weight. They
also send a questionnaire about the state of their health
that consists of eight questions (Tables 1-6).

Up to know, we have been using telemonitoring with
a codification system that generated alarms depending
on the received values. The alerts implemented in our
hospital are differentiated into “yellow” (normal value +
1SD) and “red” alerts (normal value + 2SD), being these
last ones more critical. The alerts’ thresholds presented
are the generic ones, but they can be personalized (this
study uses the adapted alerts). Based on the literature
studies, we could consider the number FA/pt-y as de
facto standard to determine the number of false posi-
tives. Besides simple rules, the program also checks
the tendency of weight values to trigger an alarm. The
program also creates alarms based on the answers
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Table 1. Health questionnaire

Table 2. Baseline characteristics of the study population

Comparing with the previous 3 days, | feel: Better/Worse/
Same

Does my medication feel good? Yes/no

In the last 3 days, have | taken any medication ~ Yes/no

without the supervision of my doctor?

Am | following the diet and exercise Yes/no

recommendations given by my doctor and nurse?

In the last days, my ankles are: Better/Worse/
Same

Can | go for a walk like the days before? Yes/no

Do | have a feeling of shortness of breath Yes/no

when | lie in bed?

Do | notice that | have started coughing or Yes/no

having phlegm?

from the questionnaire: if one or more answers are
“worse,” the questionnaire alert triggers. However,
these rules generated large number of false alerts be-
ing, hence, not trustworthy.

The final aims of this work are as follows: (1) detect
which parameters measured by RPT best predict HF
decompensations and (2) create predictive models to
assess the risk of HF decompensations in real time
using a telemedicine system that will reduce current
false alerts.

Statistical analysis

The sample is described for all variables by sum-
mary measures after checking for normality when
adequate. First, a descriptive analysis for continuous
variables is done and these variables are expressed
as mean (standard deviation [SD]) or median [inter-
quartile range], according to whether distribution is
normal or not) while categorical variables are ex-
pressed as percentages. Univariate and multivariate
analysis is performed using logistic regression (back-
ward stepwise method) and survival analysis is done
through Cox proportional hazards regression (back-
ward stepwise method). Level of significance is set
in 5% and confidence intervals are calculated at
95%.

Age
< 65
65-75
>75

Sex

Height

Weight

Body mass index (BMI)

Smoker
Current
Never
Ex-smoker

Cardiopathy
LVEF (%)
Normal (>55%)
Mild disfunction
Moderate disfunction
Severe disfunction
Number of years with HF

Type of cardiopathy
Ischemic
Valvular
Hypertensive
Idiopathic
Others

Rhythm
Sinus rhythm
Atrial fibrillation or atrial flutter

Device
No
Pacemaker
ICD
CRT
ICD-CRT

Comorbidities
Peripheral vascular disease
Cerebrovascular disease
Chronic obstructive pulmonary disease
(COPD)
Need of home oxygen supply
Diabetes mellitus
Chronic kidney disease (CKD)

Blood analysis
Urea (mg/dl)
Creatinine (mg/dl)
Sodium (mEg/l)
Potassium (g/dl)
Haemoglobin (g/dl)

Scales *
Barthel
Gijon
European Heart Failure Self-care
Behaviour Scale (EHFScBS)

76.34 (11.35)
16.87% (40)
19.75% (47)
63.38% (153)

60.8% men (146)
161.93 (9.88)
72.44 (15.93)
27.63 (5.59)

12.5% (30)
57.5% (138)
30% (72)

42.26 (15.17)
24.70% (60)
18.93% (45)
25.51% (61)
30.86% (74)
5.8 (2.24)

33.1% (79)
19.2% (46)
13% (31)
19.6% (47)
15.1% (37)

37.2% (89)
62.8% (151)

74.9% (180)
11.7% (28)
4.2% (10)
2.9% (7)
6.3% (15)

11.7% (28)
18.3% (44)
30.4% (73)
2.9% (7)
40.8% (98)
37.5% (90)

73.00 (36.92)
1.29 (0.50)
140.10 (4.09)
4.26 (0.74)
12.50 (1.92)

83.29 (14.16)
7.39 (2.33)
27.91 (8.64)
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Table 3. Univariate analysis of the variables associated
to HF-related hospitalisation in the entire sample

T T T

Age 0.009 0.204
Sex -0.310 0.050
Weight -0.001 0.764
LVEF 0.003 0.945
Creat 0.296 0.002
CKD 0.559 < 0.001
Years of evolution 0.082 0.001

Table 4. Capacity of each hemodynamic parameter to
predict HF decompensations according to the severity of
the alarm. The values are expressed in Se and FA/pt-y

Parameter Threshold Type of FA/pt-y
to study number alert

85-95 Yellow
150-180 Yellow
<85 Red 0.08 1.4
> 180 Red
DPB 50-60 Yellow 0.23 9.1
100-110 Yellow
<50 Red 0.04 0.9
> 110 Red
HR 50-55 Yellow 0.30 11.2
90-110 Yellow
<50 Red 0.08 1.4
> 110 Red
02Sat 90-94 Yellow 0.15 3
<90 Red 0.39 135

Usage of Al (ML techniques) to create
predictive models

The methodology applied for the determination of
which parameters measured by telemonitoring best
predict a HF decompensation and the generation of the
predictive models is presented®:

Splitting training and testing datasets

To build and test a predictive model, the clinical data
are divided in training and testing datasets. The training

Table 5. Capacity of each answer of the questionnaire

for the prediction of HF decompensations. The values

are expressed in Se and FA/pt-y

OIS

1 Well-being Same 0.8 120.7
Better 0.42 90.8
Worse 0.37 2.1
2 Medication Yes 1 210
No 0.05 3.8
3 New medication Yes 0.15 53
No 1 209
4 Diet and exercise Yes 1 203
No 0.22 11.18
B Ankle Same 0.86 114
Better 0.44 96
Worse 0.35 29
6 Walks Yes 0.99 196
No 0.37 18
7 Shortness of breath Yes 0.41 19.93
No 096 194
8 Phlegm Yes 0.44 60.5
No 0.84 153.5

Table 6. Combinations of different alerts to obtain the
right dataset of instances

m Description of the rules n FA/p-y

Weight + Ankle + well-being v 15.33
R2 R1 + yellow 0.95 51.12
R3 R2 + questionnaire alerts 1 84.5

dataset is used to develop the model, and once it is
finished, the resulting model is tested with the testing
dataset. This way, the overfitting is prevented, and it is
possible to check whether the created model will gen-
eralize well.

Application of alerts implemented in
current clinical setting

To capture the instances that will be used for the
classifiers, the alerts used in current medical practice
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are the starting point. This way, the resulting dataset is
more balanced, since the number of monitoring data
that leads into decompensation is very limited.

Selection of alerts for instances
generation

To obtain the right dataset of instances, the best
combination of alerts is sought. First, a filter is applied
to discard the days in which HF decompensations have
not happened. Once the alerts are selected, when at
least one of these alerts is triggered, the patient data
of that day are used to build the dataset for ML model
building.

Generation of the dataset to apply the ML
classifiers

The applied attributes come from:

— Telemonitoring dataset: the value of SBP, DBP, HR,
O?Sat attributes, and weight.

- Baseline dataset (Baseline
patients)

— HF decompensations dataset: HF decompensations
include those episodes treated at home (oral treat-
ment adjustment, administration of intravenous di-
uretic, or subcutaneous furosemide pumps), hospital
admissions, and emergency visits. We have used all
the decompensations for our analysis because, al-
though hospital admissions and emergency room
visits are those associated with the highest economic
cost, we believe that many of the decompensations
treated at home could have led to admission if treat-
ment had not been started in time.

information of the

Applied ML classifiers

After applying the filters mentioned in the previous

section, the following classifiers are used:

- Naive Bayes (NB)

— Decision Trees (DT)

- Random Forest (RF)

— Support Vector Machines (SVM)

— Neural Network

— Class balancing. Imbalanced class distribution leads
to important performance evaluation issues and
problems to achieve desired results. Although there
are several methods that can be used to tackle the
class imbalance problem, we have followed an over-
sampling approach (Synthetic Minority Oversampling
Technique).

Validation method

Once the model has been created (in the training set) and
tested (in the testing set), it is validated how it works in the
real world. The score value used to test the classifiers is the
area under the ROC curve (AUC), a measure that evaluates
the balance between sensitivity and specificity and that gets
an accurate estimation even in moderately imbalanced
datasets, which is our case. The AUC value is used to
check how well the classifiers perform, and consequently
select the best one. To test the global predictive model, we
use sensitivity (Se) and false alerts per patient per year (FA/
pt-y), which are the ones used in the literature.

Classifiers comparison

In figure 1, the AUC values of each classifier are il-
lustrated for the steps defined in the rolling cross-val-
idation method. The points are the mean of the AUC
achieved in each case, with its SD drawn with whis-
kers. High SD value indicates that the classifier is less
generalizable, while low SD hints a stable classifier.

This figure shows that the best classifiers are NB with
Bernoulli method and the RF. NB classifier has lower AUC
value than RF, but the SD is almost negligible, and the
trend throw the steps is more stable. Hence, it is expected
that its performance will not vary significantly over time
with new data. RF gets the best scores, but it is unstable
and it has high SD. Henceforth, NB with Bernoulli method
is selected to validate the models and to create predictive
models that improve the results so far obtained, preserv-
ing the capacity for detect decompensations of ambula-
tory patients but significantly reducing the false alerts.

Results

In the RPT group, 240 patients were enrolled from
May 2014 until February 2018. There were no losses
in the follow-up. There is an average follow-up of 13.44
+ 8.65 months.

Table 2 describes the baseline characteristics of the
study population.

During the whole follow-up, a total of 527 HF decom-
pensations in 148 different patients were detected. Of
these, 347 were managed at home (253 with oral di-
uretic adjustment, 79 with intravenous treatment and 15
with subcutaneous furosemide pumps’). There were
146 hospital admissions and 34 emergency visits that
did not require hospital admission.

An analysis of the variables associated with HF-re-
lated decompensations was made. It shows that the
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Support Vector Machines
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Figure 1. AUC values of the classifiers (colours) depending on the steps (axis x)

female sex seems a protective factor, while the pres-
ence of chronic kidney disease (CKD) and the number
of years of evolution of heart disease are factors sig-
nificantly associated with readmissions (Table 3). The
type of heart disease the patient has is also related.
The highest risk of decompensation in our group is
ischemic, followed by valvular and hypertensive, with
a statistical significance of p = 0.024. Ischemic heart
disease also has earlier mortality (Fig. 2). LVEF, to-
bacco, history of cerebrovascular disease, type 2 DM,
COPD, peripheral vascular disease, and atrial fibrilla-
tion/flutter are not associated to HF decompensations
in our study.

Predictors of HF

We have a dataset with 1408.397 transmissions (me-
dia 5868.32 transmissions per patient, SD 3938.41). Ta-
ble 4 describes the alerts currently implemented in our
hospital and presents the Se and FA/pt-y values of each
parameter obtained in the first analysis. These results
were obtained by reviewing the values of the parameters
assessed 7 days before decompensation so that they
are useful in predicting rather than describing the pa-
rameters associated with HF decompensation.

Thus, increments of 1 kg weight in 1 day or 3 kg
weight in 5 days perform with a Se value of 0.52 (0.64)
and a FA/pt-y of 9.55 (16.38).

Between the hemodynamic parameters, the weight
variations (1 kg increase in 3 days or 3 kg in 5 days)
and desaturation below 90% in pulse oximetry are good
predictors of HF decompensation according to Se and
FA/pt-y values.

Kaplan-Meier survival estimates

0.50
|

0.25
L

0.00
L

T T T T T
0 10 20 30 40
analysis time

Valvular Cardiop
Idiopathic Cardiop

Ischemic Cardiop
HTA Cardiop
Other Cardiop

Figure 2. Survival curve to HF-related first hospital
readmission according to type of cardiopathy. Survival
analysis is performed using Kaplan-Meier analysis (p = 0.024).

Focusing on the questionnaire, it achieves a global Se
of 0.31 and FA/pt-y of 9.55. To determine which are the
questions that perform best, table 5 presents the Se and
FA/pt-y for each of them based on each possible answer.

Predictive models to assess the risk of
HF decompensations using a
telemedicine system

In table 6, the results of the combinations of different
alerts are presented.

R1 refers to the sum of weight alert, and the two best
alerts from the questionnaire related to ankle (n5) and
well-being (n1). If some of these alerts are triggered,
R1 is also triggered. R2 refers to the R1 plus the yellow
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alerts of SBP, DBP, O?Sat, and HR. Finally, R3 refers
to R2 plus the questions n3, n4, n6, n7 from table 4.
Since R2 detects almost all decompensations (95%),
despite the FA/pt-y is quite high (FA/pt-y = 51.12), this
is, the one used to generate the instances for the ML
classifiers.

NB gets 38% less of Se (0.76—0.47) value but it
achieves 72% less of FA/pt-y (28.64-7.8) value. Hence-
forth, this predictive model improves the results of the
actual alerts method and it is more reliable. As the
model analyses all the detected decompensations, it is
not able to discriminate between those treated at home
versus those that required ER visit or hospital
admission.

However, as expected, the application of ML tech-
niques entails a decrement on sensitivity values. De-
spite this Se worsening, it is notorious that the FA/pt-y
has much higher decrement.

Discussion

Up to now, efforts to develop a deterministic under-
standing of rehospitalization have been difficult, as no
specific patient or hospital factors have been shown to
consistently predict HF decompensations and/or
HF-related hospital readmissions.

There are multiple studies that describe the associ-
ation between patient characteristics, analytical param-
eters, and hemodynamic measures with readmissions
after hospitalization for HF. These studies have not
found factors directly and repeatedly associated to HF
decompensations and it may be because these param-
eters are not measured in all studies and to the fact
that examined covariates have generally not included
common conditions and syndromes found in HF pa-
tients. These findings confirm the fact that the relation-
ship between baseline characteristics and clinical
factors with readmission is complex®".

This variability and multiplicity of parameters have
served as the basis for this study, with the aim of seek-
ing a combination of non-invasive, simple parameters
that allow us to identify early HF decompensation, to
treat them early and avoid, as far as possible, hospital
admissions.

Although the study is not designed to determine what
baseline characteristics or comorbidities are associat-
ed with an increased risk of HF decompensation, our
study shows that the female sex seems a protective
factor while the presence of CKD and the number of
years of evolution of heart disease are factors that are
significantly associated with readmissions (in general,

patients with advanced heart disease have a greater
deterioration of LVEF along with organic involvement
secondary to HF, all associated with a lower effect of
the established treatment)'?. The type of heart disease
the patient has is also related to hospitalizations. The
cardiopathy with the highest risk of decompensation in
our group is ischemic followed by valvular and hyper-
tensive. This finding is described in other registries'.
However, there are over 300 prognostic markers de-
scribed in patients with HF'#. In fact, many variables
have prognostic power in HF, but the markers vary in
their success for predicting outcome because of the
heterogeneous nature of HF and the populations in
which the variables were studied. Many of the de-
scribed variables are inter-related and although they
may be strong univariate markers of prognosis, they
can be competitively removed in any multivariate
model.

As seen before, the combination of characteristics
that denote decompensation is different from those that
denote the “predisposition” to decompensation. The
latter ones are the ones that ultimately point to the
most effective interventions to actually prevent
decompensations.

In our group, significant weight increases (1 kg in
3 days or 3 kg in 5 days), desaturation below 90%,
perception of clinical worsening, including development
of edema, worsening of functional class, and orthopnea
are good predictors of HF decompensation.

These results obtained are consistent with the pub-
lished bibliography, although these studies do not spec-
ify the values of sensitivity, specificity, and false
positives and negatives. Neither the usefulness of the
combination of these parameters nor their predictive
value for the detection of HF decompensations is eval-
uated in the same study.

Our study determines that weight variations (1 kg
increase in 3 days or 3 kg in 5 days) are associated to
HF decompensations. This fact is confirmed by the
study of Chaudhry et al.”® It showed that clinically im-
portant increases in body weight begin at least 1 week
before hospitalization for HF. Moreover, during this time
period, the risk of HF hospitalization increases in a
monotonic fashion with increasing amounts of weight
gain. In contrast, weight gain was not observed before
hospitalization for causes other than HF.

Changes in weight, especially over short periods of
time, can be good indicators of volemic worsening.
Many studies, however, are controversial on this sub-
ject, indicating that little or no weight gain is observed
before an episode of decompensation or that a modest
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weight loss is observed after clinical compensation of
an acute HF episode. In many cases, decompensation
may occur not due to the build-up of fluid, but by water
redistribution from the periphery to the lungs by neuro-
humoral and inflammatory acute activation, leading to
cardiac and vascular alterations that promote reduced
venous capacitance and increased peripheral arterial
resistance’®.

Desaturation below 90% in pulse oximetry is another
good predictor of HF decompensation according to our
study. Similar results were obtained by Masip et al."”
Their study shows the utility of baseline SpO, as a
complementary tool to establish the diagnosis and se-
verity of acute or decompensated HF. The finding of a
baseline SpO, lower than 93 may be considered a
threshold to this diagnosis and a warning to clinicians
about this complication. The lower the SpO, value, the
higher the probability and severity of HF. The main
advantage of SpQ, lies in the fact that is non-invasive,
it can be monitored continuously, and it is not affected
by interobserver or intraobserver variability.

Patient self-assessments are also useful in predicting
mortality and hospitalization. In fact, strong correlations
have been observed between scores and functional
class and the number of HF decompensation that re-
quires hospitalizations: worse self-assigned scores are
associated with increased hospitalization rates, worse
quality of life, and decreased survival'®-2°,

As explained before, in clinical practice, the diagnosis
of HF based on a single observation is challenging.
Although on average patients gain weight before HF
hospitalization, only a minority of patients (20%) have
substantial weight gain, weight fails to predict accurate-
ly hospitalization, and monitoring based on weight
alone has proven ineffective. Heart rhythm and electri-
cal disturbances only directly or indirectly describe a
portion of early indicators of decompensation. More-
over, a single threshold in a continuous broadly distrib-
uted biological measure predisposes to inaccuracy. In
addition, one-half to two-thirds of decompensations
have potentially avertable precipitants which may be
incompletely captured in current models: medication/
diet non-adherence, socioeconomic factors, infection
and pulmonary processes, worsening renal function,
hypertension, and ischemia. Any test predicting de-
compensation will appear inaccurate if an alternative
condition with different pathophysiology is misattributed
(such as COPD exacerbation)?'.

Thus, the use of a multiparameter-based evaluation
of symptoms and signs of congestion is probably the
best contemporary strategy. Recent studies have

shown that the application of ML techniques may
have the potential to improve HF outcomes and man-
agement, including cost savings by improving existing
diagnostic and treatment support systems.

Therefore, we used ML techniques to improve the
accuracy of our alarms and to detect which combina-
tion of parameters measured by telemonitoring best
predict HF decompensations, avoiding false-negative
alerts.

At present, there is little evidence what combination
of biometric measurements and questionnaires of
self-reported symptoms is most effective in predicting
deterioration of HF. Besides the combination, thresh-
olds for these measurements are also less well studied.
It stands to reason that when set too wide, then there
is a high risk that the patient is decompensated before
an alert trigger is generated whereas thresholds which
are set too tightly could lead to many “false” alert trig-
gers. In fact, reducing avoidable telehealth alerts could
vastly improve the efficiency and sustainability of tele-
health programs for HF management®?.

Current medical practice uses sensitive alerts (they
detect most of the decompensations due to their high
sensitivity), but they also have too many false alerts,
being not trustworthy and wasting human and econom-
ic resources (pre-emptive treatments and admissions).
Therefore, the main goal of this study is to improve this
imbalance, reducing these false alerts. All in all, this
work has shown an improvement from current alerts
system implemented in the hospital. The system reduc-
es the number of false alerts notably, from 28.64 FA/
pt-y of the current medical practice to even 7.8 FA/pt-y
for the “red” group, which is denoted as the most re-
strictive group. This last result is achieved with the
predictive model built by applying NB with Bernoulli to
the combination of telemonitoring alerts and question-
naire alerts (testing set) (R2: Weight + Ankle + well-be-
ing plus the yellow alerts of SBP, DBP, O,Sat, and HR).
However, as expected, the application of ML tech-
niques entails a decrement on sensitivity values. The
results obtained in this study for the “red” group is
Se=0.47, while the alerts used in the current medical
practice applied to the same testing dataset achieve
Se=0.76. Despite this Se worsening, it is notorious that
the FA/pt-y has much higher decrement, with which we
conclude that this new predictive model improves the
current medical practice. Moreover, when comparing
the obtained results with the state of the art, the Se
values are similar or better to these studies that do not
consider transthoracic impedance?324,
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On average, models designed to predict the com-
bined outcome of death or hospitalization, or of hospi-
talization only, have a poorer discriminative ability than
those designed to predict death. This may be because
hospitalization is genuinely more difficult to predict than
death (perhaps because the decision about who to
admit to the hospital is much more dependent on health
care supply) or because there has been less focus on
this type of outcome (as evidenced by the smaller num-
ber of published reports)®. Irrespective of the underly-
ing causes of such differences, we believe that efforts
are needed to increase the performance of such mod-
els in the future to make them clinically more useful.

Our study has several limitations. First, this is an ob-
servational study, and despite statistical adjustments, a
causal and definite relationship between hemodinamical
parameters, self-perception, and HF-related decompen-
sations cannot be determined. Second, this is a sin-
gle-center study with a limited sample. This has been
the case in the first studies that have attempted to de-
termine the usefulness of telemonitoring and the precip-
itating factors of HF decompensation, since they have
included a limited number of patients¢%.

Third, datasets can have errors, missing data, redun-
dancies, noise, and many other problems which cause
the data to be unsuitable to be used by the ML algo-
rithm directly. Thus, the pre-processing stage is very
important because it prepares the dataset and puts it
in a form that the algorithm understands and can pro-
cess it. Another factor is the size of the dataset: some
datasets have many attributes that make it harder for
the algorithm to analyze it, discover patterns, or make
accurate predictions. Such problems can be solved by
analyzing the dataset and using the suitable data
pre-processing techniques such as data cleaning, data
transformation, missing values imputation, data normal-
ization, and feature selection?®.

Finally, no external cohort to validate the findings has
been used, which generally limits the conclusions of
the study.

Despite these limitations, our findings have potential-
ly important management implications as increased
vigilance in HF patients is important to detect and cor-
rect decompensation at an early stage which may led
to less hospital admissions. This is an important aspect
as hospitalizations are the main cost component of HF
for health systems. In addition, and not less important,
the days of hospital stay due to decompensated HF
have a deleterious impact on the prognosis of the ill-
ness itself, as well as on the psychoemotional well-be-
ing of the patients, their relatives, and/or caregivers.

Moreover, together with prognostic and economic as-
pects, among others, the social repercussion of epi-
sodes of HF (sick leave, dependency, etc.) must be
considered.

Finally, we must stress that HF is an extraordinarily
complex disease with multiple factors, and its predic-
tiveness is complex. Nevertheless, larger amount of
data and the registration of all type of decompensations
are key to improve the current model.

Conclusions

RPT is a useful tool for the follow-up of HF-patients.
In our group, we have detected a significant number of
HF decompensations and most of them were managed
at home (oral diuretic adjustment, intravenous treat-
ment, and subcutaneous furosemide pumps). We have
analyzed our dataset to detect which parameters best
predict HF decompensations. In fact, significant weight
increases (1 kg in 3 days or 3 kg in 5 days), desatura-
tion below 90%, perception of clinical worsening, in-
cluding development of edema, worsening of functional
class, and orthopnea are good predictors of HF decom-
pensation. We have also built a predictive model ap-
plying Al ML techniques, obtaining the best results with
the combination of “Weight + Ankle + well-being plus
the yellow alerts of SBP, DBP, O%Sat, and HR.”

These results open the door to further studies for the
validation of results and the development a comprehen-
sive telemedicine system based on predictive models
to detect the risks of a patient suffering HF
decompensation.
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