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Abstract

Background The autonomic nervous system (ANS) is a complex network where sympathetic and parasympathetic domains
interact inside and outside of the network. Correlation-based network analysis (NA) is a novel approach enabling the quan-
tification of these interactions. The aim of this study is to assess the applicability of NA to assess relationships between
autonomic, sensory, respiratory, cerebrovascular, and inflammatory markers on post-acute sequela of COVID-19 (PASC)
and postural tachycardia syndrome (POTS).

Methods In this retrospective study, datasets from PASC (n=15), POTS (n=15), and matched controls (n=11) were ana-
lyzed. Networks were constructed from surveys (autonomic and sensory), autonomic tests (deep breathing, Valsalva maneu-
ver, tilt, and sudomotor test) results using heart rate, blood pressure, cerebral blood flow velocity (CBFv), capnography, skin
biopsies for assessment of small fiber neuropathy (SFN), and various inflammatory markers. Networks were characterized
by clusters and centrality metrics.

Results Standard analysis showed widespread abnormalities including reduced orthostatic CBFv in 100%/88% (PASC/
POTS), SEN 77%/88%, mild-to-moderate dysautonomia 100%/100%, hypocapnia 87%/100%, and elevated inflammatory
markers. NA showed different signatures for both disorders with centrality metrics of vascular and inflammatory variables
playing prominent roles in differentiating PASC from POTS.

Conclusions NA is suitable for a relationship analysis between autonomic and nonautonomic components. Our preliminary
analyses indicate that NA can expand the value of autonomic testing and provide new insight into the functioning of the
ANS and related systems in complex disease processes such as PASC and POTS.
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Introduction

Commonly used autonomic tests assess cardiovascular par-
asympathetic functions using the deep breathing test, car-
diovascular sympathetic functions using Valsalva maneuver
and tilt test, and sudomotor functions. Each test measures
one domain. A combination of testing is usually done to
capture the complexities of ANS. A common approach is
to use the Ewing battery of cardiovascular testing [1] con-
sisting of the deep breathing test, Valsalva maneuver, and
response to standing or to the tilt test [1, 2] which can be
combined with sudomotor testing [3] or with transcranial
Doppler, capnography, and skin biopsies [4]. Nevertheless,
even combined testing does not address the main feature
of ANS—the interaction of its subsystems at various levels
and interactions with other, non-autonomic domains.
Interactions of ANS with inflammatory/autoimmune sys-
tems may be of particular importance. Dysautonomia, low-
grade inflammation, and related autoimmune dysregulation
plays important role in aging [5, 6] and several chronic disor-
ders including hepatitis C [7, 8], HIV [7, 9], and diabetic neu-
ropathy [10, 11]. Many patients with dysautonomia [12], pos-
tural tachycardia syndrome (POTS) [13], and idiopathic SFN
[14-16] have elevated inflammatory markers and may respond
to immunomodulatory therapy but also negative study exists
[17]. Obviously, better methods are needed to assess the relation-
ship between inflammation/autoimmunity and dysautonomia.
Recent advances in network analysis (NA) provide the
theoretical and practical framework enabling to characterize
interaction data [18-21]. ANS is a complex biological net-
work represented as a set of domains that interact with each
other and hence it is natural to apply NA to ANS analysis.
In this study, we applied NA on autonomic and related
data obtained from patients with post-acute sequela of
COVID-19 (PASC) [22, 23] and postural tachycardia
syndrome (POTS) [24] in addition to healthy controls.
We integrated inflammatory markers to NA since inflam-
mation/autoimmunity plays a role in PASC [23, 25] and
in a subset of POTS [12, 13]. The aim was to assess the
applicability of NA to autonomic and related data, and to
explore its ability to differentiate PASC from POTS, and
as such to explore the potential of NA to identify unique
pathophysiology features which underly PASC and POTS.

Material and methods
Principles of NA

Networks as defined in bioinformatics, known as graphs in
mathematics, represent objects and relationships between
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them [18, 20, 26]. Networks consist of nodes that are con-
nected by edges. Nodes represent an object and edges
represent the relationships between objects. Correlation-
based network analysis evaluates correlations of differ-
ent components to each other. These correlations can be
positive or negative. Typically, correlation-based network
analysis has been applied to a correlation matrix of studied
variables. An underlying assumption when constructing
networks is that the property of the whole network is more
than a simple summation of properties of individual net-
work objects. Network analysis may provide information
that is not revealed by other methods analyzing correlation
matrices [27]. Several metrics have been developed that
enable to extract network characteristics. Common met-
rices are clusters and centrality indicators [28]. Clusters
or communities denote degree which is equal to a number
of connections to a node. Centrality, a measure of impor-
tance, indicates how a node is connected [28]. In another
words, a node is correlated positively/negatively to another
node/other nodes in a quantitative manner and their rela-
tionships could be described by the community and three
centrality parameters.
The following centrality indicators are typically used:

1. Betweenness: a measure that characterizes nodes serving
as bridges between other nodes, and also determines the
most influential node.

Betweenness centrality of a node #; is defined by [29]:

N N 0,
Cpl)) = Xprzi %

where d,, is the number of shortest paths that pass
through n; and d,,(n;) is the number of those paths that
pass through n;, with s # ¢ # i. Betweenness can be
interpreted as the tunnel via the information flows. A
larger tunnel diameter allows to flow of more informa-
tion within it.
2. Closeness: the average distance of internode connec-
tions.
Closeness clentrality of a node n; is defined by [30]:
Ce(m;) = )
where d(n;, n;) is the distance between nodes n; and n;.
Closeness reflects the speed of information flow. A good
analogy is to interpret closeness as “how close are you
with your friends,” implying closer contact means faster
but presumably fewer complex interactions at a time.
3. Strength or degree centrality refers to number of direct
connections a node has with other nodes, it is the sim-
plest measure of node connectivity.

Degree centrality of a node n; is defined by [31, 32]:
CD(ni)=Zj.Val- jWith A = (a;;) is adjacency matrix where g, is
equal to 1 if nodes n; and n; are connected, and a;; is equal
to 0 otherwise.
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Calculations of NA

Figure 1 shows a typical flow of calculations. Imputing data
is the usual initial step. The preferred approach is to use mul-
tiple imputations which reduces the risk of biased estimates
of resulting statistics [33]. The next step is a calculation of
correlation matrices. Heatmaps with or without hierarchical
dendrogram are usually a simple way to visualize correlation
matrices. As network metrics, we calculated communities
and centrality indicators including betweenness, closeness,
and strength. Biological systems form complex structures
with the presence of both positive and negative correla-
tions between their components. For easier interpretation
of results, we divided correlation matrices into positive and
negative correlation matrices and calculated networks for
positive and negative correlations separately.

Data collection

We used PASC and POTS patients data published previ-
ously [23] except we increased the number of patients in
this study. Inclusion and exclusion criteria were described
in detail previously. Particular inclusion criteria for PASC
were the presence of chronic (>4 weeks) fatigue (Grade 3
or more on each of the Bristol Rheumatoid Arthritis Fatigue
Numerical Rating Scale and brain fog (Grade 3 or more on
the Brain Fog scale) which developed within the 6-week
interval after acute COVID-19 infection.

POTS was defined as the presence of orthostatic symp-
toms for > 6 months and an abnormal tilt test with orthostatic
tachycardia with heart rate increment > 30 beats per minute
without orthostatic hypotension. The POTS criteria for this
study also included a clearly defined precipitating event
and no systemic disorder that can be associated with POTS.
POTS patients were selected randomly from our database

Imputing data
!
Standardization (Z-score normalization)
|
Calculation of correlation matrix

!

Visualization of correlations using heatmaps

!

Network visualization

!

Calculation of network metrics

Fig. 1 Flow of network calculations

using the age and gender matching criteria. Healthy controls
were used from our previous study [34].

Surveys, autonomic testing, skin biopsies,
and grading

We described testing in detail previously [4, 35]. Shortly,
sensory complaints were surveyed by the Neuropathy Total
Symptom Score-6 (NTSS) which is a validated instrument
for the evaluation of pain features [36]. Autonomic symp-
toms were obtained from the Survey of Autonomic Symp-
toms (SAS) which is a validated instrument for the evalua-
tion of autonomic complaints [37]. The Brigham protocol
[38] was used for objective and quantitative assessment of
autonomic functions and related SFN [4]. Functional car-
diovascular autonomic testing included deep breathing (a
marker of parasympathetic functions), the Valsalva maneu-
ver and tilt test (both markers of parasympathetic and adr-
energic sympathetic functions), and sudomotor evaluation
(a marker of postganglionic sudomotor functions). Patients
were tilted for 10 min after 10 min of a baseline resting
period. The deep breathing test was done for 1 min at 6
breaths per minute. The Valsalva maneuver was performed
with expiratory pressure of 40 mmHg for 15 s. The follow-
ing signals were recorded throughout the testing: electro-
cardiogram, continuous and intermittent blood pressure,
end-tidal CO,, and cerebral blood flow velocity (CBFv)
in the middle cerebral artery using transcranial Doppler.
Sudomotor testing was done using an electrochemical skin
conductance (ESC) device [39]. Epidermal nerve fiber den-
sity (ENFD) and sweat gland nerve fiber density (SGNFD)
were obtained using established standards [40]. Skin sam-
ples were taken from the proximal thigh 20 cm distal to the
iliac spine, and from the calf 10 cm above the lateral malleo-
lus using a 3-mm circular punch tool. Skin specimens were
immunoperoxidase-stained for the axonal marker PGP 9.5 at
Therapath (New York, NY). Test results were graded using
the Quantitative Scale for Grading of Cardiovascular Auto-
nomic Reflex Tests and Small Fibers from Skin Biopsies
(QASAT) [35]. QASAT is a modular and objective instru-
ment for grading the severity of dysautonomia, small fiber
neuropathy, and cerebral blood flow. Hypocapnia, which is
frequently seen in PASC and POTS, has profound effect on
CBFv. Hypocapnia, e.g., low end-tidal CO,, induces cer-
ebral arteriolar vasoconstriction and reduces CBFv. We
calculated how much orthostatic drop in CBFv is due to the
effect of hypocapnia versus the drop in CBFv due to cerebral
autoregulatory failure assuming the orthostatic hypotension
is absent. The parameter OCHOS % gives in % the contribu-
tion of both variables. For example, OCHOS% = 30 means
that 30% of the drop in CBFv is due to cerebral autoregu-
latory failure, e.g., arteriolar stiffness, and 70% is due to
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effect of hypocapnia-induced arteriolar vasoconstriction. We
showed detailed calculations of OCHOS% previously [41].

Calculations of inflammatory activity

We calculated indexes of low-grade inflammation includ-
ing a composite inflammatory activity (CIA) [18] and a
systemic inflammation index (SII) [42]. CIA was calculated
using interleukin (IL) 6, IL1b, and tumor necrosis o (TNA)
inflammatory markers. We also defined expanded CIA
(ECIA) by adding other inflammatory markers including
high-resolution c-reactive protein (CRP), IL-10, trisulfated
heparin disaccharide (TS-HDS) antibody, fibroblast growth
factor receptor 3 (FGFR3) antibody [14], growth hormone,
adiponectin, leptin, and ganglionic acetylcholine receptor
antibody to CIA. CIA and ECIA were obtained by averag-
ing the standardized z scores of the inflammatory markers
[18, 43]. Systemic inflammation index (SII) was obtained
by using the following formula: SII = platelet * neutrophil/
lymphocyte, where all variables are in absolute numbers
[42].

Details of NA calculations

For imputation, missing data were substituted using a mean
strategy for numerical and the most frequent strategy for
categorical data. The correlation matrix has been calcu-
lated using Pearson’s method. The network was visualized
using the Gephi software [19]. The standardized correla-
tion matrices were imported using the average edges and
the undirected graph type with the Force Atlas 2 algorithm.
The algorithm detects clusters or communities with similar
characteristics and assigns each community a distinct color
[44]. A random color is typically set for each community.
Two networks were constructed, a detailed network with
both raw and derived variables and a minimal network
consisting of QASAT and inflammatory indexes only. The
following QASAT indexes were used: parasympathetic
cardiovagal (obtained from deep breathing), sympathetic
adrenergic (obtained from Valsalva maneuver and tilt test),
sudomotor (obtained from ESC), orthostatic tachycardia,
cerebral blood flow, end-tidal CO,, and two indexes of

small fibers (epidermal and sudomotor) obtained from skin
biopsies. Autonomic failure score was obtained by summing
parasympathetic cardiovagal, sympathetic adrenergic, and
sympathetic sudomotor scores. The reason to construct both
networks was to determine if the limited network provides
similar information as the detailed network which requires
much more demand on computational resources and makes
interpretation of results more difficult.

As an additional control, we filled autonomic and inflam-
matory variables with random numbers and constructed net-
works using the same method as for real data to compare
random data network patterns with presumably deterministic
network patterns from patients.

Statistical analysis

A one-way analysis of variance was used to determine the
differences between means of all three studied groups for
continuous variables. Categorical variables were compared
by the X2 test. The 2-tailed t statistic was used to compare
PASC and POTS groups for continuous variables and by X2
test for categorical variables. Only non-network variables
were subjected to statistical analysis. Statistical analysis
was obtained using the tableone Python [45] and r package
(r-project.org).

Results

Eleven controls, fifteen PASC, and fifteen POTS patients,
age, gender, and body mass index matched were evaluated
(Table 1). All PASC patients had mild COVID-19 infection,
contracted within 2020-2021 years, and were treated with
conservative home management with one patient treated
with supplemental home oxygen. The typical presentation
was the sudden onset of cough, dyspnea, fever, headaches,
and generalized malaise. None of the patients with PASC
had received the COVID-19 vaccine nor had a history of
severe acute respiratory distress syndrome, acute kidney,
or liver failure, or reported use of corticosteroids or other
immunomodulatory therapy.

Table 1 Demographics of study

. Variable Controls PASC POTS P (Controls- P (PASC-POTS)
subjects PASC-POTS)
N 11 15 15
Age, years, mean (SD) 34.9 (8.6) 35.8(7.9) 31.8 (9.8) 0.749 0.16
Gender, f (%) 10 (90.9) 12 (92.3) 14 (93.3) 0.573 0.999
BMI, kg/m?, mean (SD) 24.6 (6.0) 26.6(6.7) 23.6(4.5) 0.578 0.177
Symptom’s duration, 0.0 (0.0) 0.9 (0.3) 6.9(4.4) <0.001 0.001

years, mean (SD)
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Table 2 Results of testing. Data are expressed as mean (sd)

QASAT scores Controls PASC POTS P (Controls- P (PASC-POTS)
PASC-POTS)
N 11 15 15
Sympathetic sudomotor (ESC), range 0-6 0.0 (0.0) 1.5 (1.3) 1.7 (1.8) 0.397 0.776
Parasympathetic cardiovagal (Deep breathing), range 0-3 0.0 (0.0) 0.4 (0.5) 0.4 (0.7) 0.113 0.904
Increased heart rate response to tilt, range 0-10 0.0 (0.0) 2.3 (3.5) 8.6 (1.2) 0.202 <0.001
Sympathetic adrenergic (Valsalva maneuver), range 0-3 0.0 (0.0) 1.6 (0.6) 1.3 (1.0) <0.001 0.246
Sympathetic adrenergic (Tilt), range 0-10 0.0 (0.0) 0.7 (2.2) 0.5(1.2) 0.436 0.782
Cerebral blood flow response to tilt, range 0—10 0.0 (0.0) 6.3 (2.7) 7.3 (2.5) <0.001 0.284
Cerebral blood flow, total, range 0-11 0.0 (0.0) 7.1 (2.5) 8.1(2.3) <0.001 0.312
pET-CO,, range 0-10 0.0 (0.0) 1.6 (2.7) 6.0 (3.5) 0.026 0.001
Autonomic failure, range 0-24 0.0 (0.0) 8.0(5.1) 129 (3.2) <0.001 0.005
ENFD, range 0-8 0.0 (0.0) 2.124) 1.5(2.2) 0.005 0.466
SGNFD, range 0-8 0.0 (0.0) 1.52.4) 0.8 (1.5) 0.016 0.439
Total, range 0-54 0.0 (0.0) 20.9 (8.8) 29.5(5.2) <0.001 0.005

Group analysis showed abnormal QASAT scores in all
domains (Table 2). SFN on skin biopsy was detected in
77% (n=10) of PASC (mixed SFN =4, sensory SFN =4,
autonomic sudomotor SEFN =2) and 88% (n=14) of POTS
(mixed SFN =35, sensory SFN =7, autonomic sudomotor
SFN =2) patients. Autonomic failure was detected in 100%
of PASC and 94% (n=15) of POTS patients. Autonomic
failure was mild-to-moderate and no one had orthostatic
hypotension. Reduced orthostatic CBFv was detected in
100% of PASC and in 88% (n=14) POTS patients. Two
POTS patients with normal orthostatic CBFv had reduced
supine CBFv. Abnormal hypocapnia was detected in 87%
(n=13) of PASC (supine hypocapnia in 67% (n=10), ortho-
static hypocapnia in 40% (n=6), and in 100% of POTS,
supine hypocapnia in 33% (n=15), orthostatic hypocapnia in
93% (n=14). POTS patients had higher QASAT scores of
cerebral blood flow, end-tidal CO,, and autonomic failure,
but lower ENFD and SGNFD scores compared to PASC
(Table 2).

Two networks were constructed, a detailed network
consisting of 216 nodes and a limited network consisting
of 8 nodes. Visual inspection of heatmaps showed nega-
tive and positive correlations concentrated into several
dominant clusters (Fig. 2). Largest clusters correspond to
CBFv and blood pressure. Network visualization showed
the complex structure of underlying networks. Unfiltered
networks showed a high level of complexity therefore
networks were divided into negative and positive cor-
relation networks. Several dominant clusters emerged
which correspond to CBFv, blood pressure, heart rate,
and CO, (Fig. 3). Visual inspection showed qualitative
differences between controls, PASC, and POTS. Rela-
tively well-demarcated clusters were seen in controls and
POTS. The heart rate cluster was less differentiated in

PASC. Negative correlations had a different profile in
PASC compared to POTS or controls, and the distinction
between various clusters was more blurred. No discern-
ible pattern was found in a network created from random
numbers (Fig. 3d). Positive node strength of constipa-
tion, sudomotor, and total autonomic scale were higher
in PASC while positive node strength of baselined blood
pressure, drop of CBFv at the tilt end, systemic inflam-
mation were higher in POTS group (Supplemental mate-
rial table). Positive node strength of pain and of cold feet
was high in both POTS and PASC. Negative betweenness
of ESC at hands, CBFv, and composite inflammation
were higher at POTS. Negative betweenness of CBFv
at the 10th minute of the tilt was higher PASC group.
Closeness of sensory and orthostatic symptoms, and
baseline blood pressure were higher in POTS (Fig. 4).

Limited network showed elevated negative betweenness
of QASAT-Cardiovagal in both POTS and PASC (Table 3).
All network metrices for QASAT-ENFD for positive cor-
relations were elevated in both POTS and PASC compared
to other metrices (Table 3).

Discussion

This study showed that the application of NA to autonomic
testing and related data is straightforward. No alterations of
raw data or autonomic indexes were necessary. NA was writ-
ten in Python software using available packages, which are
free and widely used in the scientific community. Network
was visualized using Gephi software, which is also free.
NA showed complex interactions within autonomic and
between autonomic and nonautonomic domains. Both neg-
ative and positive correlations were common. Furthermore,
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Established analysis

Established analysis using the Brigham protocol con-
firmed our previous findings [41, 46]. PASC is associated
with abnormal orthostatic cerebral blood flow, respira-
tory dysregulation, and small fiber neuropathy associated
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D Random numbers

Fig.3 (continued)

Fig.4 The limited eight-node network of PASC consists of QASAT and inflammatory indexes. Networks of negative correlations are on the left,

positive on the right

with widespread dysautonomia. Our findings are similar to
recently reported reduced orthostatic cerebral blood flow
[47], respiratory dysregulation with hypocapnia [48], small
fiber neuropathy [49, 50], and dysautonomia [51] in PASC.
Established analysis showed similar occurrence but more
severe dysautonomia in POTS compared to PASC. Cerebral
blood flow dysregulation was more common but less severe
in PASC compared to POTS. Hypocapnic hyperventilation

@ Springer

was more severe in POTS. Although the above described dif-
ferences between PASC and POTS indicate different etiologic
pathways, they cannot clarify the underlying mechanisms.

Differentiation between PASC and POTS using NA

CBFv and blood pressure network nodes formed the largest net-
work clusters, but these relationships were disease dependent.
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Table 3 Limited network results. The networks were calculated for negative (—) and positive (+) correlations
Node Closeness Betweenness Strength

PASC-/+ POTS -/+ PASC—-/+ POTS -/+ PASC—-/+ POTS —-/+
QASAT-Orthostatic tachycardia 0.6/0.75 0.56/0.75 1.5/0.65 6.6/1.75 3/8 3/8
QASAT-Cardiovagal 0.75/0.6 0.64/0.64 13.1/0.75 13.3/0.6 6/5 5/6
QASAT-Adrenergic 0.64/0.64 0.45/0.75 5.6/0.83 2/1.6 5/6 2/8
QASAT-Orthostatic hypoperfusion 0.47/0.82 0.45/0.82 0.5/4.45 2/2.95 2/9 2/9
QASAT-CO, 0.6/0.69 0.64/0.64 1.5/0.7 6/0.2 4/7 4/6
QASAT-ENFD 0.45/0.9 0.4/0.9 0.0/3.65 0/2.63 1/10 1/10
QASAT-SGNFD 0.56/0.75 0.5/0.82 0.5/1.03 3/1.9 3/8 2/9
QASAT-ESC 0.6/0.69 0.5/0.75 4.3/2.5 3.6/2.15 4/7 3/8
Composite inflammatory activity 0.6/0.75 0.56/0.75 4.2/1.03 2.6/0.6 3/8 3/8
Systemic inflammation index 0.6/0.75 0.56/0.75 1.75/1.36 2.6/0.6 3/8 3/8

In controls, cerebral blood flow and blood pressure nodes are
mainly negatively correlated. In PASC and POTS, positive cor-
relations increased, but negative correlations declined only in
POTS. These observations imply different mechanisms under-
lying vascular dysregulation in these disorders. Image process-
ing with artificial intelligence can be employed in future studies
to quantify the observed differences.

Several network metrics differentiated between both disor-
ders. Positive betweenness of OCHOS% node was high in PASC.
OCHOS% is a marker of vascular dysfunction. It quantitates in
% how much reduction in orthostatic CBFv is due to cerebral
arteriolar stiffness associated with cerebral autoregulatory failure
versus the effect of hypocapnia-induced cerebral arteriolar vaso-
constriction [38]. The first case (OCHOS %= 100) is usually asso-
ciated with PASC, the second case (OCHOS% =0) with POTS,
although there is a continuous gradient. In contrast, the negative
betweenness of the OCHOS% node was high in POTS, implying
important but opposite influences of the vascular metrics in both
disorders. The higher strength for POTS nodes was observed for
the blood pressure baseline before the tilt.

Inflammatory indexes

To detect low-grade inflammation and related autoimmune
dysregulation, we evaluated several individual markers as
well as composite inflammatory indexes including SII which
uses widely available blood tests and CIA which is appears
to be more specific for low grade inflammation but it is also
more expensive. Several network metrics of inflammatory
markers differentiated PASC including TSHDS and FGFR3
antibodies, adiponectin, neutrophil count, IL10, and myo-
globin. Betweenness, an information flow marker, of SII for
negative correlations was elevated in POTS implying a role
of low grade inflammation in POTS. The value of SII as
an addendum to autonomic testing should be investigated
in feature studies since it is inexpensive and easy-to-obtain
inflammatory index.

Comparisons between detailed and limited
networks

In this study, two networks have been created—a detailed
and a limited, which is much smaller. The detailed network
used combination of surveys, raw data, autonomic and other
indexes, as well as inflammatory markers. The detailed net-
work showed complex interactions between analyzed varia-
bles. A limited network consists of a few nodes and each node
is a composite value corresponding to a particular domain or
index. In theory, a limited network compresses a large amount
of data hopefully without reducing the information content.
Also, smaller networks are easier to interpret. Interestingly, the
QASAT-Cardiovagal closeness and betweenness were higher
in both PASC and POTS compared to other nodes, suggest-
ing that cardiovagal dysregulation plays an important role in
both disorders through common effector pathways facilitated
by a vagus nerve. Although not explored in this study, the
vagus nerve has been shown to mediate and connect neural
and immune activity [52]. In addition, all network metrics of
ENFD exceeded other nodes in both PASC and POTS imply-
ing an important role of peripheral nervous system involve-
ment in both disorders. QASAT-Orthostatic hypoperfusion
(negative betweenness was higher in POTS) and CIA (negative
betweenness was higher in PASC) appear also to differentiate
PASC from POTS.

New information gathered from NA

Network analysis has several unique properties. NA focuses
on relationships and not on absolute data values. Hence, no
normative data are needed when constructing networks from
raw data. NA can be entirely data-driven as no hypotheses
are necessary. The main aim of the NA is the detection of
the most important nodes in the network which underly the
network structure and therefore may be targeted by interven-
tions [21]. Our pilot results point to the interplay between
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the parasympathetic system and inflammation. Cardiova-
gal network metrics were elevated in both POTS and PASC
patients which is consistent with the role of the vagus nerve in
the modulation of the immune system [53]. Another applica-
tion is to compare networks when underlying structures are
not well defined. Such differential networks when applied to
gene—gene interactions may lead to new discoveries in gene
functions [54]. In our study, a comparison of the PASC to
POTS networks showed differences in vascular and inflam-
matory variables as discussed above. These observations con-
firm an important role of immune-mediated vascular injury
in PASC [55, 56]. Ultimately, the goal of NA is to clarify the
etiology and to define optimal treatment.

Limitations

This study has several limitations. A referral bias, a limited
number of subjects, women predominance, and restricted
age range of our cohort limits the generalization of our
results. Also, a one-time assessment does not enable to
evaluate the time dynamic of the studied disorders which
may of importance, particularly for PASC. Furthermore,
we used linear correlations in the network constructs
which is suboptimal for revealing nonlinear relationships.

Conclusion

NA is suitable for relationship analysis between autonomic
and nonautonomic data. Our preliminary analyses indicate
that NA may expand the value of autonomic testing.
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tary material available at https://doi.org/10.1007/s10072-022-06423-y.
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