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Abstract
The emergence of SARS-CoV-2 affected care both for acute and chronic health conditions.
Majority of the patients with cardiac implantable electronic devices (CIEDs) have multiple
comorbidities, which can influence their response to COVID-19. An online survey
consisting of 45 multiple-choice question was designed for CIED patients assessing
comorbidities and overall health condition during September -December 2020. A
multivariate analysis based on principal axis factoring (PAF) was performed on the eligible
184 survey response. Three factors were identified. Ten-year survival rates were calculated
with Charlson Comorbidity Index. The extracted factors explained 66.1% of the cumulative
variance and were consistent with medical literature data.
Key words: SARS-CoV-2, COVID-19, CIED, survival rate, exploratory factor analysis, principal axis factoring,
Industry 4.0, smart manufacturing

1. Introduction
The recent emergence of SARS-CoV-2 affected
quality of care for both acute and chronic health
conditions. Cardiac implantable electronic devices
(CIED) are the gold standard therapy for various
cardiac conditions, implantation rates showing a yearby-year increase worldwide [1, 2]. Majority of the
patients with CIEDs have multiple underlying health
conditions (comorbidities) which are considered as
risk factors. These might increase the risk of severe

illness from COVID-19 [3]. Therefore, a survey
consisting of 45 multiple-choice questions was
designed to evaluate CIED patients’ comorbidities and
overall health status during COVID-19 pandemic.
According to the Charlson Comorbidity index [4-6]
respondents’ 10-year survival rate was calculated,
based on the presence of their underlying health
conditions and age.
In the present paper, a multivariate analysis based
on a principal axis factoring (PAF) was performed

© 2021 Published by University Press. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/CC-BY-4.0/)

47

regarding CIED patients’ comorbidities, on the
following variables: arterial hypertension (AHT),
diabetes mellitus (DM), obesity, heart failure (HF),
chronic obstructive pulmonary disease (COPD),
smoking, malignancy. PAF belongs to the class of
Exploratory Factor Analysis (EFA). EFA methods are
frequently used in healthcare research [7-10].
One of the most difficult problems in EFA is the
selection of the optimal number of factors [11-15].
Identification of an inappropriate number of factors
may lead to inaccurate conclusions. A previous article
studied the importance of the total cumulative variance
that should be explained by the selected most
appropriate number of extracted factors [16]. It was
considered that, at least, a minimum threshold of
cumulative variance should be explained by the
extracted factors that depends on the specificity of the
research. Based on this previous study and on a
thorough literature documentation, we proposed in the
current article three rules to be considered in selecting
the most appropriate number of factors.
2. Material and methods
A survey consisting of 45 multiple choice
questions was completed online, anonymously and
voluntarily by CIEDs patients from the outpatient care
of the Institute of Cardiovascular Emergencies and
Transplant (IUBCvT) of Targu Mures and by
international CIED patients, part of online support
groups between September-December 2020. The
following type of data was collected: demographic
data, health condition and psychosocial impact of
COVID-19 pandemic.
A Principal axis factoring (PAF) was performed,
applying the varimax [17] orthogonal rotation method
focusing on the comorbidities of the respondents.
Initially, the study design included 7 variables (Var),
that were denoted as: Var1 - AHT; Var2 - DM; Var3 Obesity; Var4 - COPD; Var5 - HF; Var6 - Smoking;
Var7 - Malignancy.
Ten-year (y) survival rates were calculated with
Charlson comorbidity index (CCI), used to calculate
10-year survival rates based on respondents’
comorbidities and age. The CCI considers several
variable, such as age, myocardial infarction, HF,
peripheral vascular disease, cerebrovascular accident,
dementia, COPD, connective tissue disease, peptic
ulcer, liver disease, DM, hemiplegia, kidney disease,
malignancies, acquired immunodeficiency syndrome
(AIDS) [4, 5]. Although we questioned the presence of
multiple risk factors of severe COVID-19 illness, such
as AHT, DM, Obesity, COPD, HF, Smoking,
Malignancy; the CCI included 3 from these, namely
DM, HF, COPD. Based on these variables CCI was
calculated.
The assessed number of responses in the data
analysis was 184, although the initial number of
participants in the survey was 210; 26 participants
were excluded due to contradictory responses. In a
preliminary analysis Var7 after extraction had a low

communality (0.031), consequently it was removed.
Based on the in-depth bibliographic study of the
scientific literature, and a previous research [16], we
took into account the following three rules to
determine the number of extracted factors:
-Rule 1): the extracted eigenvalues to be at least 1,
called Kaiser criterion [17].
-Rule 2): visual interpretation of the Scree plot,
called Cattell's Scree test [18].
-Rule 3): the total variance explained to be at least
60%-65% for the current study also since none of the
variables passed the normality assumption.
3. Results and Discussion
The eligible 184 responses were registered from
different regions around the world, mainly from
Europe (Romania, Hungary, UK, Ireland, Switzerland,
Slovakia, Spain) and the USA; all respondents were
patients living with cardiac implantable electronic
devices.
The results of the PAF analysis indicated three
factors, which explained 66.1% of the cumulative
variance, corresponding to rule 3.
Table 1 presents the correlation coefficients (r)
between all the variables, and the corresponding
significance (sig) of each correlation. We consider the
value of significance level as 0.05, sig < 0.05 indicates
a significant result. The calculated determinant (det) of
the correlation matrix is 0.667.
Figure 1 presents the Scree plot; this line plot
shows the eigenvalues of factors and it is used to
determine the number of factors to retain in PAF. This
visual interpretation (Rule 2) facilitates factor
choosing process. According to rule 1, eigenvalues at
least 1 or above 1 should be chosen.
Table 2 presents the result of the Bartlett's Test of
Sphericity. The obtained small value (∼0) of the
significance level of the Bartlett's test indicates that the
factor analysis can be applied on the considered data.
At the same time, the Kaiser-Meyer-Olkin Measure of
Sampling Adequacy (KMO) test was applied. The
obtained result was 0.591, which also indicates the
correctness of the factor analysis application process.
Table 3 presents the communalities: initially and
after extraction. According to the established rules
three factors were extracted.
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Fig. 1: Scree plot of the eigenvalues
Table 1: Correlation coefficients between all variables

Var1 (AHT)

Var2 (DM)

Var3 (Obesity)

Var1 (AHT)
r (sig)

1
(-)

0.252
(0)

0.073
(0.161)

0.238
(0.001)

0.164
(0.013)

0.233
(0.001)

Var2 (DM)
r (sig)

0.252
(0)

1
(-)

0.067
(0.182)

0.224
(0.001)

-0.013
(0.431)

0.176
(0.008)

Var3 (Obesity)
r (sig)

0.073
(0.161)

0.067
(0.182)

1 (-)

0.326
(0)

0.045
(0.271)

-0.075
(0.156)

Var4 (COPD)
r (sig)

0.238
(0.001)

0.224
(0.001)

0.326
(0)

1 (-)

0.059
(0.214)

0.024
(0.375)

Var5 (HF)
r (sig)

0.164
(0.013)

-0.013
(0.431)

0.045
(0.271)

0.059
(0.214)

1 (-)

0.170
(0.011)

Var6 (Smoking)
r (sig)

0.233
(0.001)

0.176
(0.008)

-0.075
(0.156)

0.024
(0.375)

0.170
(0.011)

1
(-)

Table 2: Bartlett's Test of Sphericity

Approx. Chi-Square
df
Sig

72.94
15
0

Var1 (AHT)
Var2 (DM)
Var 3 (Obesity)
Var4 (COPD)
Var5 (HF)
Var6 (Smoking)

Extraction
0.302
0.317
0.278
0.465
0.296
0.268

Table 4 presents the extracted eigenvalues and the
total cumulative variance explained.
Table 4: presents the total variance explained (selected
factors marked with *)

Factor
Factor 1*
Factor 2*
Factor 3*
Factor 4
Factor 5
Factor 6

Total
1.707
1.249
1.009
0.726
0.692
0.618

the variables loading to the three factors.
Table 5: Rotated factor matrix

Factor 1

Table 3: The obtained communalities

Initial
0.151
0.114
0.115
0.177
0.054
0.100

Var4 (COPD) Var5 (HF) Var6 (Smoking)

Initial Eigenvalues
%of Variance Cumulative %
28.448
28.448
20.815
49.263
16.816
66.079
12.095
78.175
11.525
89.700
10.300
100.000

A Rotated Factor Matrix (RFM) table includes the
rotated factor loadings that have the significance of
correlation strength between the variables and the
factors. Values ranged between [-1, +1]. We
considered only the correlations with an absolute value
above 0.2. Very low correlations were not considered.
Table 5 presents the rotated factor matrix and includes

Factor 2

Factor 3

Var2(DM)

0.538

Var1(AHT)
Var6
(Smoking)

0.466

0.243

0.405

0.288

Var4(COPD)

0.265

Var 3(Obesity)
Var5(HF)

0.628
0.526
0.539

Var2 (DM), Var1 (AHT), Var6 (Smoking), and
Var4 (COPD) were loaded in Factor 1. These 4
comorbidities are frequently found together. Factor 1
is consistent with medical literature, COPD is
associated with DM and AHT, smoking being a wellknown major risk factor [19, 20].
Var4 (COPD) and Var 3 (Obesity) were loaded in
Factor 2. The correlation between COPD and obesity
is researched frequently; an interaction between
abnormal adipose tissue function and COPD [21, 22]
is hypothesized. The components of Factor 2 justify
the correlation between the two diseases.
Var5 (HF), Var6 (Smoking), and Var1 (AHT) were
loaded in Factor 3. Smoking is a risk factor for
cardiovascular diseases, according to studies, it leads
to systolic dysfunction, aggravating HF. The
components of Factor 3 emphasize the correlation
between the comorbidities [23, 24].
Table 6 shows survival rates calculated for each
factor depending on age, which highlights the
importance of patients’ age on prognosis [4]. The three
factors and its’ variables depicting different survival
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rates were consistent with literature data. The riskiest
comorbidity is cardiovascular disease (HF), followed
by COPD; other risk factors are AHT, DM, obesity.

and the Electrophysiology Team of the Emergency
Institute for Cardiovascular Disease and Transplant
(IUBCvT) Targu Mures for the support.

Table 6: Survival rates calculated with CCI in different age
groups

References

<50
50-59 year
60-69 year
70-79 year
>80 year

Factor 1
77%
53%
21%
2%
0%

Factor 2
96%
90%
77%
53%
21%

Factor 3
96%
90%
77%
53%
21%

4. Conclusions
The current paper described a multivariate analysis
based on Principal Axis Factoring performed on
CIEDs patients’ comorbidity data. PAF belongs to
Exploratory Factor Analysis that is frequently used in
healthcare research.
Although, one of the difficulties in PAF is the
selection of the number of extracted factors, we
proposed three rules to be considered: 1) the extracted
eigenvalues to be the value at least 1; 2) the visual
interpretation of the scree plot; 3) the cumulative
variance explained by the selected factors to be at least
65% (for our research, based on the fact that none of
the variables passed the normality assumption).
Three factors were identified. Ten-year survival
rates were calculated according to CCI. The extracted
factors explained 66.1% of the cumulative variance.
The factors’ structure was consistent with multiple
other studies stating and emphasizing these variables
as risk factors.
In this article an experimental study was performed
on the data obtained via the questionnaire. The
research methodology was based on statistical
modeling using exploratory factor analysis. In a
forthcoming research, the statistical modeling applied
in the current paper together with other methods of
artificial intelligence will be applied for industrial big
data analysis in the framework of the SOON (Social
Network of Machines) project, which is focused on
investigating innovative solutions based on the use of
intelligent agents with social abilities to optimize the
manufacturing processes in smart factories.
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