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Abstract: Background: Physical and mathematical theories have made it possible to generate methods
for the characterization and diagnosis of physiological variables such as cardiac dynamics. Therefore,
it would be useful to implement them to evaluate the dynamic changes in human physiology during
the development of COVID-19, which causes disease, severe respiratory and death. Objective: to
establish a method for detecting possible alterations associated with COVID-19 through simulations
of adult cardiac dynamics and body temperature using dynamic systems theory, probability, entropy
and set theory. Methodology: simulations of cardiac dynamics were generated in subjects with
10 temperature ranges between 32 °C and 42 °C via numerical attractors after their evaluation
using entropy proportions. Results: differences were observed in the proportions of entropy that
differentiate normal cardiac dynamics and acute myocardial infarction towards progression to fever.
Conclusion: the physical mathematical analysis of cardiac behavior in relation to body temperature
in people with COVID-19 allowed the establishment of a possible surveillance method for detecting

minor alterations.
Keywords: COVID-19; probability; fractal; entropy; simulation

MSC: 92C30

1. Introduction

Coronaviruses (CoVs) are one of the largest viral groups described so far that can
cause disease in humans, and they mainly operate at the respiratory level [1]. SARS-CoV-2
is found among CoVs. This produces coronavirus-induced disease 2019 (COVID-19) and
is the CoV that has had the most relevance in recent years due to its great impact on
the population and its global spread. Indeed, it caused a pandemic from 11 March 2020
according to the World Health Organization [2,3].

Airborne transmission is key to SARS-CoV-2 since this mechanism sustains respiratory
tract infection. However, other means of contagion have also been demonstrated, such
as hand-to-hand contact or touching contaminated surfaces [4]. After infection, the virus
incubates in humans for a period of 2 to 12 days [5]. This phase is usually asymptomatic
and is key to facilitating viral dissemination since asymptomatic carriers can infect healthy
people [6,7]. Additionally, studies have shown that carriers can remain asymptomatic
or may develop mild symptoms that are indistinguishable from those of a common cold.
Therefore, this population can easily be neglected [8-12].

Fever is one of the most relevant symptoms of COVID-19. This is because, although it
is not an exclusive symptom, its presence can be used as a rapid screening clinical strategy
to identify potential new cases. This explains why it has been used for this purpose in
public and crowded places, such as airports or shopping centers [13,14]. Further, it has
been documented that fever is often associated with increases in heart rate, which vary
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according to age and gender. However, it has been documented that each increase of
10 °C body temperature is associated with an increase of approximately 8.35 heartbeats per
minute [15-17].

Heartrate increases can cause significant cardiovascular risk impact among patients
with COVID-19 and other comorbidities since one of the risk factors that has been related
to the greater severity of the disease is the presence of comorbidities, such as chronic
heart disease or hypertension [12,18]. These may be exacerbated in this scenario and
may contribute to the mortality of this population [12,18-20]. These reasons justify the
development of detailed studies on the behavior of cardiac dynamics in relation to the
increase in temperature in patients with COVID-19. This is because it has been established
that body temperature can be a marker of disease severity among hospitalized patients [20].

However, there are currently no documented predictive models that simultaneously
consider cardiac dynamics and body temperature to evaluate the evolution of the disease.
For this reason, physical and mathematical theories, such as probability and set theories,
as well as entropy and dynamical systems [21,22], could have promising roles in this
context [23,24]. These systems have the foundations to relate multiple variables from an
acausal perspective and evaluate their changes over time.

The probability theory was developed to evaluate phenomena that present pseudo-
random behaviors that cannot be defined from completely deterministic patterns [25].
This is how probability establishes the possibility of an event occurring within a range of
possibilities [26,27]. For its part, the theory of dynamic systems allows us to evaluate the
evolution of natural phenomena and limit those that are apparently unpredictable [28] by
means of specific mathematical spaces called phase spaces, where the figures that represent
the evolution of the systems are predictable or unpredictable. They are called attractors
and, for the latter case, chaotic attractors schematize this class of systems [28-31]. Their
irregularity has been exploited by fractal geometry for its evaluation [30,31].

Entropy has received different interpretations [32-35]. However, one of the most
important is related to Boltzmann. This defines entropy as an indirect measure of the
number of microstates that characterize a system using a value proportional to the logarithm
of the number of possible microstates [36,37], supporting the development of several
physical models [38—44]. Finally, set theory evaluates properties such as relationships
between sets of elements through basic notions such as membership, union, intersection,
difference, complement, or symmetric difference [45].

From these mathematical theories, diagnostic and predictive methods of cardiac dy-
namics with clinical application have been developed. An example of this is a methodology
based on the theories of dynamic systems and probability, as well as the concept of entropy.
This works to quantify the proportional entropy of ordered pairs of heart rates through
numerical attractors [46]. Similarly, from set algebra and probability theory, predictions of
CD4 lymphocyte populations have been established with respect to other cell lines reported
from the hemogram [47].

Based on the aforementioned problems and the physical-mathematical context, the
purpose of this research is to establish a method for the simultaneous evaluation of adult
cardiac dynamics and body temperature. The development of this will allow the detection
of possible alterations associated with COVID-19 in the context of dynamical systems
theory, probability, entropy, and set theory.

2. Materials and Methods

To start, it is important to present some definitions from the context of this study:

Delay map: defined as a geometric representation of the dynamics of a system, locat-
ing ordered pairs of values of a consecutive dynamic variable in time in a geometric space
of two or more dimensions, thereby generating a type of specific attractor [46].

Ordered pair of heart rates: represents any combination of two consecutive heart
rates in ranges of five beats/minute that are located, respectively, on the x axis and the y
axis of the delay map [46].
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Probability of consecutive ordered pairs in ranges of 5: division between the number
of ordered pairs located in each range of 5 beats/minute, with respect to the total ordered
pairs of the plot [46].

Number of ordered pairs found in the range X, Y
Total ordered pairs of the plot

P(X, Y) = )

Entropy of the cardiac attractor: the entropy of the numerical attractors is obtained
from the Boltzmann/Gibbs formula [46].

S=—k i i P(X, Y) x LnP(X, Y) @)
x=1y=1

S is the entropy, k is the Boltzman constant (1.38 x 10723 Joules/Kelvin), and P (X, Y)
corresponds to the probability for each rank (X, Y).

Proportions of the entropy of the cardiac attractor [46]: they are established based
on the algebraic clearing of the constant k, following Equation (3).

Z = f f P(X, Y) x LnP(X, Y) 3)
x=1y=1

The summations of Equation (3) can be broken down as:

Y. P(U) x LnP(U)  where U = Units (1-9)
S %P(D) x LnP(D)  where D = Tens (10-99)
k) LP(C)xLnP(C)  whereC = Hundreds (100-999)
AZZ;P(M) x LnP(M)  where M = Miles (1000-9999)
Equation (3) can be expressed in a simplified way according to Equation (4)
%:T:LH—D—FC%—M; 4)

The proportions between the parts (U, D, C, M) and the whole (T) are established as

follows [47].

uUubobp~cC M C D
Mg and g

Regions of the attractor [47]:

Region 1: encompasses all HR ranges that were shared by all the normal electrocar-
diographic recordings of the induction developed by Rodriguez et al.

Region 2: set of ranges occupied by any of the normal electrocardiographic records,
except those of region 1.

Region 3: remaining region of the delay map, that is, the HR ranges that are not
occupied by regions 1 and 2 [46].

Procedure: Analysis of the Cardiac Dynamics

Initially, simulations of the cardiac dynamics of the adult were carried out. For this,
groups of 10 simulations were defined from variations of 8.35 beats/minute for each degree
of temperature between 32 °C and 42 °C. This temperature variation was established from
the information that what was reported by Broman et al. [17] in critically ill patients in the
intensive care unit. Because one of the outcomes of interest among patients with COVID-19
is hospitalization in this unit, the experimental evidence reported was used as a reference
with which to perform the simulations.
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Subsequently, the record of each simulation was evaluated. To do so, we used a previ-
ously developed methodology [46] to establish the physical-mathematical characteristics
of each of the established groups. For this, a numerical attractor was built on a delay map
in which the ordered pairs that make up the sequence of the heart rates of each of the
dynamics, which were themselves grouped into ranges of five beats/minute, were plotted.

Next, the probability of each frequency against the totality of each of the regions (see
definitions) was calculated using Equation (1). Based on these values, the entropy of each
attractor was established using Equation (2). Then, from this, the constant k was cleared to
obtain Equation (3). Then, we calculated the proportions between each addend and the
totality, as well as the proportions of hundreds with respect to thousands, and tens with
respect to hundreds, for each region, following Equation (4).

Subsequently, we established whether the state was normal or abnormal via the
diagnostic parameters methodology [46]. This involved evaluating if at least two of the
proportions of entropy in any of the three regions evaluated were outside the limit normality,
which is equivalent to a state of abnormality. In the event that there was only a proportion
outside these values, or none at all, a state of normality was established.

In order to assess the level of severity of pathological cases, the upper and lower
limit values of the entropy proportions of the normal attractors that had previously been
established for each region were taken [46]. For the values of the entropy proportions that
present a value higher than these limits, the upper limit of normality, which is exceeded,
was subtracted. Conversely, the values lower than the minimum value of normality were
subtracted. The results of these subtractions were added by groups according to their
orders of magnitude, whether of units, tens, hundreds and thousands. Based on these
values, we determined how far the dynamics are from a state of normality, in which higher
values are associated with more acute pathologies and lower values are associated with
milder pathologies.

3. Results
Simulations of Cardiac Dynamics

To perform mathematical evaluation, clinically normal cases with a history of acute
myocardial infarction were taken. These were used to simulate cardiac dynamics, ranging
from normal dynamics to those characteristic of cardiac water disease. Of the 8 patients, 2
being normal and 6 displaying acute myocardial infarction, Holter recordings were taken
at 37 °C. From there, simulations of an increase or decrease in heart rate were generated
from the increase or decrease of 1 °C in body temperature, respectively. According to the
literature, the average heart rate variation is 8.35 heartbeats/minute between 32 °C and
42 °C. Nine simulations were established from a real Holter record, with this variation
kept constant in terms of records per hour. Subsequently, these simulations were divided
according to the medical classification of temperature. That is, temperatures at or below
35 °C indicate hypothermia; those from 35 °C to 37 °C were considered normal; and fever
occurs at or above 38 °C. We chose to run the simulations in temperature ranges between
32 °C and 42 °C because higher or lower temperatures are highly unlikely to occur and are
usually associated with death or extreme medical conditions, such as severe brain damage
or coma.

From the above, the procedure described [46] was applied and the following calcula-
tions were obtained:

The entropy values of the dynamics evaluated in 18 h varied between 2.82 x 1023
and 6.28 x 10~23; the values of the attractors of the Holter recordings clinically diagnosed
as normal and their simulations ranged between 6.53 x 1072% and 6.58 x 10~23; while
the abnormal cases presented values between 2.82 x 10-2* and 6.05 x 10-?>. When
analyzing these results with respect to previous research [46], it is observed that they are
consistent with the previously established parameters and with the observation that the
decrease in entropy values is associated with heart disease. This confirms the capacity of
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the methodology to differentiate between normality and acute disease with a sensitivity
and specificity of 100%.
An example of a normal numerical attractor is listed in Figure 1.
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Figure 1. Numerical attractor of a previously healthy patient with normal temperature. This delay
map allows ordered pairs that make up the sequence of heart rates of the dynamics grouped in ranges
of five beats/minute to be plotted. The pink, green and white areas correspond to regions 1, 2 and 3,
respectively, as described above in Section 2 (Materials and Methods). The yellow area corresponds
to the axes. The axes correspond to the heart rate ranges every five beats per minute. The abscissa (X)
axis corresponds to the entire sequence of heart rates (HR). The axis of the ordinates (Y) corresponds
to the entire sequence of heart rates displaced in a range (HR-1).

The entropy variations with respect to temperature are outlined in the following
Table 1.

Table 1. Entropy values related to normality and evolution to acute disease.

Normal Acute Myocardial Infarction
Hypothermia Normal Fever Hypothermia Normal Fever
Minimum 6.19 x 10~23 6.15 x 10~ 6.17 x 10723 2.82x 10723 2.83 x 1072 2.82x 10723
Maximum 6.58 x 1072 6.56 x 10~23 6.57 x 1072 5.95 x 1072 6.02 x 1072 6.05 x 1072

The proportions of the entropy of the attractors of the Holter recordings, evaluated
between the normality limits, were found for normalities 0 and 0.0074, 0 and 0.0717, 0 and
0.7919, 0 and 0.7506, 0 and 13.6037, and 0 and 3.0694 for U/T, D/T, C/T, M/T, C/M and
D/C, respectively. In parallel, for the cases of acute myocardial infarction, the previous
proportions had values from 0 to 0.1260, 0 to 0.2042, 0 to 0.5932, 0 to 0.9257, 0 to 30.1756, and
0 to 9.4917, respectively. The values of the entropy proportions were organized according
to the clinical definitions of temperature, as discriminated in Table 2.
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Table 2. Distribution of entropy proportions with respect to temperature variations.
Normal Acute Myocardial Infarction

Hypothermia Normal Fever Hypothermia Normal Fever

U/T Minimum 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Maximum 0.0030 0.0074 0.0010 0.1260 0.0894 0.0445

D/T Minimum 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Maximum 0.0540 0.0717 0.0656 0.1561 0.2043 0.0851

C/T Minimum 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Maximum 0.7919 0.5121 0.3422 0.5933 0.5594 0.3558

M/T Minimum 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Maximum 0.3948 0.6170 0.7506 0.8689 0.9074 0.9257

c/M Minimum 0.0000 0.0000 0.0000 0.0000 0.0000 0.0802
Maximum 13.6037 1.4749 3.1693 30.1757 6.0689 3.9159

D/C Minimum 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Maximum 0.5850 3.0694 2.4003 3.5322 8.0288 9.4918

As outlined by the previous classification, it is important to highlight that the pro-
portions reveal magnitudes that differentiate cardiac dynamics. For example, it should be
noted that the maximum value of the U/T ratios of normal patients was 0.0074. Conversely,
in patients with acute myocardial infarction, the values presented were 0.1260, 0.0894 and 0
to 0.445 for hypothermia, normality, and fever, respectively (Table 2).

Having observed that there are differences between this and other proportions of
entropy between normality and acute myocardial infarction, we proceeded to observe if
there are differences in the development of fever. When resuming the U/T ratio, healthy
patients presented values of 0.0010 for this magnitude, while those with acute myocardial
infarction presented values of 0.0445.

Similar observations were obtained when reviewing the progressions of the other
proportions. For example, the D/T ratio in normal temperature and fever for healthy pa-
tients had values of 0.0717 and 0.0656, respectively. Conversely, in patients with infarction,
these were 0.2043 and 0.0851. This difference is maintained in all proportions, as patients
with fever present higher values in the same proportions than healthy subjects. According
to what is established in the diagnostic method [44] in which the higher magnitudes are
indicative of greater severity, the progression towards fever can be a deleterious process in
the context of COVID-19 that can be quantified using this methodology. Figures 1-4 show
attractors from a healthy subject and another with an acute myocardial infarction and show
dynamic changes as a function of the absence and presence of fever.
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In cases of acute disease like this, the number of spaces that present some value of ordered pairs of
HR is much smaller than seen in normal cases, and the number of times that specific ordered pairs
occur tends to be much higher. For example, the highest value reported in the attractor in Figure 1
is 2026, while in this one it is 4995. The analysis of the distribution of these values is performed by

Figure 3. Attractor of a patient diagnosed with acute myocardial infarction and normal temperature.

calculating entropy proportions for each region.
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Figure 4. Attractor with acute myocardial infarction and fever. In cases of acute illness and fever, the
distribution of ordered HR pairs tends to shift downwards and to the right compared to cases with
acute illness without fever, evidencing the general increase in heart rate. Additionally, the frequency
in which these ordered pairs occur is much higher. For example, while the highest values of the
attractors in Figures 1-3 were 2026, 2677 and 4995, respectively, in this one case the highest value
was 19,826.

4. Discussion

This is the first investigation in which, through simulations with the proportions of
entropy and the theories of probability and dynamical systems, a methodology was devel-
oped that simultaneously evaluates the cardiac dynamics and the temperature variations of
subjects with COVID-19 in order to detect possible alterations associated with COVID-19
at the cardiovascular level. The results of this research suggest that there are mathematical
orders between cardiac dynamics and body temperature that allow them to be assessed
and quantified with clinical utility.

Previously, it has been established that the methodology that evaluates the entropy
relationships applied to cardiac dynamics not only allows for an objective evaluation
of the state of normality, chronic disease or acute disease, but that it also quantifies the
evolution between these states from the mildest to the most severe cardiac alterations [46].
In this context, this methodology makes it possible to establish the presence of potentially
abnormal dynamics that have been underdiagnosed in patients with COVID-19 since it
allows for the early detection of alterations in cardiac dynamics that can compromise
people’s lives.

Likewise, since it has been observed among hospitalized patients with COVID-19 that
in most cases fever has a worse outcome in terms of a higher mortality [20], the analysis of
the variation in body temperature could offer an alternative with which to quantitatively
understand the progression of the disease. In this sense, given that there is an increase
in heart rate with body temperature [17], the development of this method is based on
the simultaneous evaluation of the variation in body temperature with respect to cardiac
dynamics to effectively detect mild alterations. These changes have the potential to increase
the morbidity and mortality of people with COVID-19, even in asymptomatic cases.
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Additionally, this method could be automated and incorporated into technological
devices to carry out safer and more precise follow-ups of cases at high risk of contagion
due to continuous exposure, such as health professionals who attend to cases or caregivers
at home. This should be conducted on patients with a high risk of developing more severe
disease even if they are asymptomatic, such as people with chronic diseases and adults
over 65 years of age [48].

It is important to note that the theories that support this research have great applicabil-
ity in science. For example, probability theory, in addition to being one of the foundations
of statistics, is one of the most widespread theories in clinical [49] and investigative [50]
medicine. Similarly, entropy has supported analysis models of the multifractal type [51-53],
Lyapunov exponents and Poincaré diagrams [54-58] of cardiac dynamics. In this research,
these theories are used for the purpose of developing strict physical-mathematical methods
that are applicable to each individual case, independently of statistical, population, or
causal considerations.

From this research perspective based on physical and mathematical theories, predictive
methods have been developed regarding the binding of peptides to HLA class II [59] and
CD4+ lymphocyte counts in people living with HIV [60]. Similarly, with this same approach,
diagnostic methods have been established in critical care [61] and oncology [62]. Likewise,
different mathematical concepts are used every day to develop models and simulations
of dynamics as diverse as the COVID-19 pandemic [63], the HIV-TB coinfection [64] or
zooplankton—-phytoplankton system [65], which reinforces the applicability of theoretical
efforts to analyze and predict phenomena of biomedical and biological interest.

5. Conclusions

The physical mathematical simulations of cardiac behavior in relation to body tem-
perature allowed the establishment of a better understanding of cardiac dynamics in the
presence of fever. It is not only evident that heart rate increases, but also that the self-
organization of the dynamic cardiac system changes in both normal and pathological cases.

This is especially significant for the proper follow-up of patients with COVID-19 since
it is important to detect potentially serious variations in cardiac dynamics, especially in
patients who do not present other symptoms, or who present comorbidities associated with
the cardiovascular system, as these are some of the most affected. In this way, the proposed
methodology could be established as a risk stratification method by objectively quantifying
the state of cardiac dynamics, achieving early detection of mild underdiagnosed alterations.
In the same way, its continuous application would allow for a quantitative evaluation of the
evolution of the dynamics, potentially contributing to the reduction of deaths associated
with COVID-19.

Since this research is based on mathematical simulations with a small population, it
is important to carry out future research to compare the results with a significant number
of real cases, and to evaluate population groups with different comorbidities and ages to
obtain more specific information. In this way, it will be possible to develop automated
monitoring and surveillance methods, which will contribute to an increasingly adequate
management of patients.
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