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Abstract

Emerging evidence regarding COVID-19 highlights the role of individual resistance and immune function
in both susceptibility to infection and severity of disease. Multiple factors influence the response of the
human host on exposure to viral pathogens. Influencing an individual’s susceptibility to infection are such
factors as nutritional status, physical and psychosocial stressors, obesity, protein-calorie malnutrition,
emotional resilience, single-nucleotide polymorphisms, environmental toxins including air pollution and
firsthand and secondhand tobacco smoke, sleep habits, sedentary lifestyle, drug-induced nutritional de-
ficiencies and drug-induced immunomodulatory effects, and availability of nutrient-dense food and empty
calories. This review examines the network of interacting cofactors that influence the host-pathogen
relationship, which in turn determines one’s susceptibility to viral infections like COVID-19. It then
evaluates the role of machine learning, including predictive analytics and random forest modeling, to help
clinicians assess patients’ risk for development of active infection and to devise a comprehensive approach
to prevention and treatment.
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C OVID-19 continues to challenge
health care providers and policy-
makers alike. In many respects, the

infection shares the features of most other viral
infections. However, the rapidity of its spread
and its ability to nearly overwhelm health care
delivery around the globe have startled many
health officials and world leaders.

Public health specialists have responded to
the threat, emphasizing the need for a vaccine,
antiviral agents, protective equipment, and so-
cial distancing. Whereas these tactics remain
top priorities, they have eclipsed a funda-
mental tenet of microbiology: the risk for
development of any infection is determined
by both the virulence of the pathogen and
the resistance of the human host. Much has
been written about microbial virulence, but lit-
tle attention has been devoted to the factors
that allow humans to resist infection. Experts
have pointed to evidence to show that resis-
tance to COVID-19 is influenced by coexisting
diseases and age, but resistance is also depen-
dent on numerous other cofactors.

The emerging field of network medicine
can shed light on the interplay between
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microbial virulence and the ability of an
individual’s immune system to defend against
full-blown clinical disease. Over the centuries,
medicine has been dominated by a reduction-
istic approach to causality, a divide-and-
conquer paradigm “rooted in the assumption
that complex problems are solvable by
dividing them into smaller, simpler, and thus
more tractable units.”1 Although this method-
ology has generated countless rewards, it has
limitations. Reductionistic thinking has led re-
searchers to search for 1 or 2 root causes of
each disease and to design therapies that
only address these causes. When human im-
munodeficiency virus (HIV) infection was
found to cause AIDS, for instance, virtually
all efforts then focused on suppressing the vi-
rus; the same has held true for many infectious
disorders. However, although HIV infection is
undoubtedly the necessary cause of AIDS, it is
not the sole and sufficient cause, as evidenced
by the fact that many are exposed to the virus
without contracting AIDS. These “anomalies”
imply that there are cofactors that contribute
to the onset of clinical disease. Detecting these
entities requires the reductionist approach to
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ARTICLE HIGHLIGHTS

d The emerging field of network medicine can shed light on the
interplay between microbial virulence and the ability of an in-
dividual’s immune system to defend against full-blown clinical
disease.

d Network medicine examines the diverse biologic systems that
influence the pathogenesis of disease, rather than focusing on a
reductionistic approach that relies on 1 or 2 organ systems that
are typically considered for each disorder.

d “With the growth of large data sets comprising detailed and
comprehensive information about the genome, the tran-
scriptome, the proteome, the metabolome, and the exposome,
biomedical research has reached a stage at which specific
disease-causing events can be explored and understood in in-
tegrated context.”

d Among the specific agents that influence an individual’s sus-
ceptibility to infection are nutritional status, physical and psy-
chosocial stressors, obesity, protein-calorie malnutrition,
emotional resilience, single-nucleotide polymorphisms, and
environmental toxins including air pollution and firsthand and
secondhand tobacco smoke.

d Employing machine learningeenhanced algorithms to analyze all
the aforementioned risk factors and their interactions may help
determine which ones predict a patient’s risk of COVID-19 or
the prognosis of someone who has already tested positive.
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be complemented by network medicine,
which takes a more wholistic direction, look-
ing at a wide range of synergistic covariates.

Network medicine examines the diverse
biologic systems that influence the pathogen-
esis of disease rather than focusing on 1 or 2
organ systems that are typically considered
for each disorder. The emergence of big data
and supercomputers has given investigators
insights into these networks or “nodes.”
With the assistance of advanced machine
learning (ML)ebased algorithms, these ad-
vances are revealing new causal relationships.
Joseph Loscalzo, MD, chair of medicine at
Brigham and Women’s Hospital, describes
this paradigm shift: “With the growth of large
data sets comprising detailed and comprehen-
sive information about the genome, the tran-
scriptome, the proteome, the metabolome,
and the exposome, biomedical research has
Mayo Clin Proc Inn Qual Out n December 2020
reached a stage at which specific disease-
causing events can be explored and under-
stood in integrated context.”2 Once a list of
suspected covariates has been identified,
deep learning algorithms have the ability to
judge the strengths and weaknesses of each
to determine their relative weights as contrib-
uting agents.

Among the specific agents that influence
an individual’s susceptibility to infection are
nutritional status, physical and psychosocial
stressors, obesity, protein-calorie malnutrition,
emotional resilience, single-nucleotide poly-
morphisms, and environmental toxins
including air pollution and firsthand and
secondhand tobacco smoke. Other variables
that are likely to increase a person’s suscepti-
bility to infection include sleep habits, seden-
tary lifestyle, drug-induced nutritional
deficiencies and drug-induced immunomodu-
latory effects, availability of nutrient-dense
food and empty calories, and availability of
science-based educational materials about the
microbe in question.

To implement a network-based approach
to the current pandemic, our review examines
the evidence on how specific cofactors influ-
ence host-pathogen interactions, which in
turn determine one’s susceptibility to viral in-
fections like COVID-19. It then evaluates the
role of ML, including predictive analytics, to
help clinicians assess patients’ risk for develop-
ment of active infection and to help devise a
comprehensive approach to prevention and
treatment.

ROOT CAUSE ANALYSIS AND NETWORK
MEDICINE
Severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2), the root cause of COVID-19,
is a betacoronavirus that originated in bats.3

The Centre for Evidence-Based Medicine at
the University of Oxford reviewed 21 analyses
and found that between 5% and 80% of pa-
tients who test positive for SARS-CoV-2 may
be asymptomatic.4 The World Health Organi-
zation estimates that approximately 80% of
COVID-19epositive patients experience mild
to moderate signs and symptoms and do not
require hospitalization.5 Johns Hopkins Uni-
versity estimates that the observed case-
fatality rate for the infection varies from
5.9% in the United States to 16.2% in Belgium
;4(6):725-732 n https://doi.org/10.1016/j.mayocpiqo.2020.09.008
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Iron deficiency anemia: Etiology, pathology, and cure

Root cause:
Diet lacking in
adequate iron

Hemoglobin declines,
red blood cell
production disrupted

Microcytic anemia:
Fatigue, shortness
of breath, pale skin,
tachycardia

Therapeutic diet that
includes adequate
amounts of iron-rich foods

Return to
normal RBC
production
and health

A

Contributing causes, e.g., obesity, nutrient
deficits, stressors, genetic predisposition,
pollution, comorbidities et al

Root cause:
SARS CoV-2

Cellular entry at ACE2 receptor,
replication and translation of genomic
RNA; host's innate and adaptive
immunity response

Dry cough, fatigue,
shortness of breath,
loss of sense of taste
and smell etc

Etiology of viral infection: The traditional view

B

Root cause:
SARS CoV-2

Cellular entry at ACE2 receptor,
replication and translation of genomic
RNA, host's innate and adaptive
immunity response

Dry cough, fatigue,
shortness of breath,
loss of sense of taste
and smell etc

Etiology of viral infection: A network medicine view

C

FIGURE. A reductionistic approach is an effective way to decipher the etiology of many simple
straightforward conditions like diet-induced iron deficiency, as illustrated in A. However, the approach is
inadequate when one attempts to understand the etiology of diseases in which the root cause is inter-
mingled with numerous contributing covariates that determine whether it remains asymptomatic or
advances into clinical presentation. In such cases, a network medicine approach is more effective because
it takes into account numerous metabolic, environmental, and genetic factors that affect multiple organ
systems. The differences between these 2 paradigms are illustrated in B and C, which depict the traditional
way to understand the etiology of viral infection and the networks-based approach. ACE2 ¼ angiotensin-
converting enzyme 2; RBC ¼ red blood cell; SARS-CoV-2 ¼ severe acute respiratory syndrome coro-
navirus 2. (A adapted from Cerrato P, Halamka J. Realizing the Promise of Precision Medicine. San Diego,
CA: Elsevier/Academic Press; 2018.)
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as of May 25, 2020.6 These statistics imply
that as with many other viral infections, not
everyone becomes seriously ill with COVID-
19. They also strongly suggest that there are
cofactors that determine the impact of the vi-
rus, illustrating the complex interplay between
the virus and its host.

These interactions do not readily lend
themselves to the reductionistic approach.
The reductionistic paradigm is ideal for deci-
phering the cause and the definitive treatment
of many acute disorders. Ahn et al7 explained,
“Diseases such as urinary tract infection, acute
appendicitis, or aortic dissection are driven
primarily by a single pathology amenable to
a specific intervention. . Reductionism
works best when an isolatable problem exists
and where a quick and effective solution is
needed.” Reductionism is also effective in
many simple straightforward conditions like
diet-induced iron deficiency, as illustrated in
Figure A. However, the approach is inade-
quate when one attempts to understand the
etiology of diseases in which the root cause
is intermingled with numerous contributing
covariates that determine whether it remains
asymptomatic or advances into clinical
presentation.

In such circumstances, network medicine
offers new insights and therapeutic options.
Essentially, this paradigm redefines health and
disease, replacing the Osler approach that relies
on clinicopathologic correlation to postulate
pathogenesis and views individual diseases as
the consequences of pathologic events in spe-
cific organ systems.2 That paradigm implies
that diabetes is solely a pancreatic disease,
myocardial infarction is only a cardiac disease,
and infections are solely the result of the pres-
ence of the infectious agent in a specific organ
system. A networks approach suggests that
many such disorders are systemic in origin
and are the consequences of numerous meta-
bolic, environmental, and genetic factors that
affect multiple organ systems. The difference
between these 2 paradigms is illustrated in
Figure B and C, depicting the traditional etiol-
ogy of viral infection and a networks-based
approach.

IDENTIFYING INFECTIOUS COFACTORS
If viral infections like COVID-19 are the result
of the interaction between SARS-CoV-2 and
Mayo Clin Proc Inn Qual Out n December 2020
numerous cofactors, which cofactors should
we concentrate on? Considerable attention
has been given to hypertension, diabetes mel-
litus, and cardiovascular disease as risk factors
for COVID-19, but until recently, little has
been written about obesity. A recent Morbidity
and Mortality Weekly Report that analyzed
characteristics of hospitalized COVID-19 pa-
tients in 14 states found that “among patients
aged 50e64 years, obesity was [the] most
prevalent” underlying medical condition.8

Because obesity induces a low-level chronic in-
flammatory state, that inflammation probably
reduces one’s ability to fight infection. That
assertion is supported by the observation
that COVID-19 patients are more likely to
require mechanical ventilation if they are
obese. Among 124 infected patients admitted
to an intensive care unit, almost half (47.6%)
had a body mass index above 30 kg/m2.9

That evidence, coupled with several other
studies and case reports, has established
obesity as a risk factor for the infection.10 At
the other end of the dietary spectrum,
protein-calorie malnutrition compromises a
person’s immune system through several
mechanisms, including disruption of antibody
production.

Similarly, there is mounting evidence to
suggest that vitamin D deficiency contributes
to COVID-19 infection. Investigators have
found that among 212 patients with
confirmed SARS-CoV-2, “vitamin D status is
significantly associated with clinical out-
comes.”11 A meta-analysis that evaluated the
effects of vitamin D supplementation to pre-
vent acute respiratory tract infections
concluded that “vitamin D supplementation
was safe and it protected against acute respira-
tory tract infection overall.”12 Daneshkhah
et al,13 in a yet to be peer-reviewed analysis,
also found evidence that links vitamin D defi-
ciency to COVID-19 mortality and postulated
that the prohormone may suppress the cyto-
kine storm observed in these patients. They
found a correlation between 25-
hydroxyvitamin D and the adaptive average
of time-adjusted case-mortality ratio in coun-
tries that used similar screening approaches
to vitamin D status (United States, France,
and United Kingdom) with an inverse correla-
tion coefficient of �0.84 to �1. The re-
searchers also detected a correlation between
;4(6):725-732 n https://doi.org/10.1016/j.mayocpiqo.2020.09.008
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C-reactive proteinda surrogate marker for
cytokine stormdand vitamin D deficiency in
this population of patients. Although some
of this preliminary evidence implies that
vitamin D supplementation may have merit,
correlations between low vitamin D levels
and COVID-19 mortality may suggest that a
diet rich in the nutrient along with adequate
exposure to sunlight is equally protective,
thus negating the need for supplementation.

Zinc is also involved in maintaining
normal immune functioning, including a
pivotal role in regulating signaling pathways
in both innate and adaptive immune cells.14

The trace element binds to metallothioneins,
for instance, which play an important role in
immune response.15 Similarly, the detrimental
effects of zinc deficiency on the immune sys-
tem have been well documented for decades,
affecting approximating 2 billion persons
worldwide.14,16 To date, there is no direct ev-
idence demonstrating that patients at risk for
COVID-19 have a zinc deficit, but a lack of
zinc has been shown to contribute to viral in-
fections, including HIV infection and hepatitis
C.16 Between 8 and 11 mg of zinc17 will pre-
vent the clinical effects of a zinc deficiency and
its impact on immune functioning. That dose
is available from a well-balanced diet, also
negating the need for supplementation in
most adults, with the exception of patients
with an acquired malabsorption syndrome or
rare genetic disorders like acrodermatitis
enteropathica, the result of a mutation that en-
codes a protein that binds zinc. Clinicians who
are inclined to recommend zinc supplements,
on the other hand, need to differentiate be-
tween the physiologic effects of small doses
of the nutrient and the pharmacologic effect
of larger doses. Once zinc-dependent enzymes
are saturated, the nutrient can have unin-
tended effects, including the displacement of
copper, which explains why high doses of
zinc have been shown to cause copper
deficiencyeinduced anemia, which in itself
can compromise one’s ability to resist
infection.18

Numerous studies have also established a
relationship between stress and immune
dysfunction. In fact, the evidence linking the
two has been strong enough to give birth to
its own specialty: psychoneuroimmunology.
Chronic stress in particular has been
Mayo Clin Proc Inn Qual Out n December 2020;4(6):725-732 n http
www.mcpiqojournal.org
associated with elevated proinflammatory cy-
tokines, and COVID-19 has been linked to
cytokine storm. It is likely that the risk of viral
infection caused by chronic stress is mediated
through the hypothalamus-pituitary-adrenal
axis. This pathway also contributes to the
lack of responsiveness to antiviral vaccines in
both men and women who are stressed out
from caring for a spouse with dementia.19

Glaser and Kiecolt-Glaser19 summed up the
contribution of stress: “.human and animal
studies show that stress can modulate the
steady-state expression of latent HSV [herpes
simplex virus], EBV [Epstein-Barr virus] and
CMV [cytomegalovirus], downregulating the
specific T-cell response to the virus to an
extent that is sufficient to result in viral
reactivation.”

The association between a sedentary life-
style and the risk of infection has likewise
been established. The evidence suggests that
moderate to vigorous physical activity reduces
the risk of upper respiratory tract
infection.20,21

Because genetic predisposition contributes
to many infectious diseases, investigators are
looking for genomic fingerprints that help pre-
dict clinical outcomes in patients with
COVID-19. Although it is too early in the
pandemic for any definitive conclusions to
be drawn, there are several findings worth
consideration. There are data that implicate
genetic variants in the HLA systemdincluding
HLA-B*46:01das contributing to COVID-19
susceptibility. Conversely, HLA-B*15:03 may
offer some protection against the virus.22 Simi-
larly, Linda Kachuri (Department of Epidemi-
ology and Biostatistics, University of California
San Francisco, San Francisco) and her col-
leagues have found a SARS-CoV-2 susceptibil-
ity signal in the EHF (ETS homologous factor)
gene. The gene encodes a protein that acts as
“an epithelial specific transcriptional repressor
implicated in airway disease.”23

PAIRING NETWORK MEDICINE WITH ML
One of the most glaring shortcomings of the
reductionistic approach is its application to
clinical trials that evaluate individual treatment
modalities. A study that measures the effect of
increased zinc intake on viral infection, for
instance, may result in a statistically insignifi-
cant finding because the nutrient’s benefits
s://doi.org/10.1016/j.mayocpiqo.2020.09.008 729
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are synergistic with other nutrients or lifestyle
modifications. When that is the case, it is not
possible to detect any statistical or clinical sig-
nificance unless all interventions are adminis-
tered at the same time. If, for example, zinc
repletion causes a 5% improvement in the
complications of COVID-19, weight loss
causes a 5% improvement, elimination of
environmental allergens 5%, and so on, P
values may not reach statistical significance
for any one intervention unless the sample
population is very large. It would be far
more likely to reach statistical or clinical signif-
icance when all are implemented in unison.

With that in mind, employing ML-
enhanced algorithms to analyze all the afore-
mentioned risk factors and their interactions
may help determine which ones predict a pa-
tient’s risk of COVID-19 or the prognosis of
someone who has already tested positive. Of
course, the challenge that remains is deter-
mining which variables to include in an ML
analysis. The use of an unsupervised ML tool
like clustering to analyze large data sets of
COVID-19 patients may help detect suspected
risk factors. Once these suspects are identified,
random forest modeling may prove useful in
evaluating their relative contribution to the
infection. It has already been used to analyze
a long list of interacting risk factors to deter-
mine whether they predict the development
of cardiovascular complications among pa-
tients with type 2 diabetes.24 The same tech-
nique can be adapted to address multiple
COVID-19 risk factors.

Baum et al demonstrated the value of
random forest modeling by reexamining the
results of a previous randomized clinical trial
that had failed to demonstrate that an inten-
sive lifestyle regimen of diet and exercise in
overweight patients would reduce the rate of
cardiovascular events or death.25 The Look
AHEAD study assigned more than 5000 over-
weight and obese patients to the lifestyle
regimen or to a control group that received
only supportive education. The investigators’
goal was to determine whether the lifestyle
program would reduce the incidence of death
from cardiovascular disease, nonfatal myocar-
dial infarction, nonfatal stroke, or hospitaliza-
tion for angina. The original plan was to
observe these patients for as long as 13.5
Mayo Clin Proc Inn Qual Out n December 2020
years, but the study was terminated early
because there were no significant differences
between the intervention and control groups.
The lower calorie content and increased exer-
cise in the intensive lifestyle group did help
patients lose weight, but it did not reduce
the rate of cardiovascular events.

Baum et al employed random forest anal-
ysis to look at 84 separate risk factors or sub-
groups, creating a series of 1000 decision trees
from all the available data. They used the
stored characteristics of the 5000 patients in
the Look AHEAD study and divided the
cohort into halves. The first half served as a
training data set to generate hypotheses and
to construct the decision trees. The second
half of the data served as the testing data set.

The 84 risk factors encompassed a long list
of variables, including family history of dia-
betes, muscle cramps in legs and feet, history
of emphysema, kidney disease, amputation,
dry skin, loud snoring, marital status, social
functioning, hemoglobin A1c (HbA1c) level,
self-reported health, and numerous other
characteristics that researchers rarely consider
when performing subgroup analysis. They
identified covariates that were protective and
deleterious. Baum et al discovered that inten-
sive lifestyle modification averted cardiovascu-
lar events in two large subgroups, patients
with HbA1c 6.8% or higher (poorly managed
diabetes) and patients with well-controlled
diabetes (HbA1c <6.8%) and good self-
reported health. That finding applied to 85%
of the entire population of patients studied.
On the other hand, the remaining 15% who
had controlled diabetes but poor self-
reported general health responded negatively
to the lifestyle modification regimen. The
negative and positive responders cancelled
each other out in the original statistical anal-
ysis conducted by the Look AHEAD investiga-
tors, which led them to falsely conclude that
lifestyle modification was of no value.

A similar ML approach that incorporates
all the known and suspected risk factors for
COVID-19, including comorbidities and ge-
netic, metabolic, and environmental variables,
would allow us to identify cofactors that
require attention. Such actionable insights
will serve as the foundation for a holistic
approach to the pandemic.
;4(6):725-732 n https://doi.org/10.1016/j.mayocpiqo.2020.09.008
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USING ARTIFICIAL INTELLIGENCE TO
INFORM DIAGNOSIS, PHENOTYPES, AND
PATHOGENESIS
Random forest modeling is only one of many
ML tools being adapted to manage COVID-
19. Mayo Clinic researchers, in partnership
with nference, an artificial intelligence (AI)
technology company, have used a deep
learning approach called nferX augmented
curation26 to analyze the electronic health re-
cords of 15.8 million clinical notes from
more than 30,000 patients who underwent
COVID-19 polymerase chain reaction diag-
nostic testing. The analysis, which compared
the clinical phenotypes of 29,859 COVID-
19enegative patients with 635 positive pa-
tients, revealed distinct differences: COVID-
19epositive patients were more than 37 times
more likely to have experienced anosmia/dys-
geusia. By contrast, they were only about twice
as likely to have reported fever/chills, cough,
or respiratory difficulty, demonstrating that
loss of taste and loss of smell are better predic-
tors of impending COVID-19 infection.

Xueyan Mei, with the BioMedical Engi-
neering and Imaging Institute, Icahn School
of Medicine at Mount Sinai (New York, NY),
and associates have used AI-enhanced algo-
rithms that may improve the diagnosis of
COVID-19. Using a convolutional neural
network and multilayer perception classifiers,
Mei et al27 integrated chest computed tomog-
raphy findings suggestive of COVID-19 with
clinical symptoms, exposure to the infection,
and laboratory findings to enable clinicians
to arrive at a diagnosis at an earlier stage of
the disease. Mei et al concluded, “In a test
set of 279 patients, the AI system achieved
an area under the curve of 0.92 and had equal
sensitivity as compared to a senior thoracic
radiologist. The AI system also improved the
detection of patients who were positive for
COVID-19 via RT-PCR who presented with
normal CT scans, correctly identifying 17 of
25 (68%) patients, whereas radiologists classi-
fied all of these patients as COVID-19
negative.”

A network medicine approach can also
yield insights into the pathogenesis of
COVID-19 through the use of proteomics,
transcriptomics, metabolomics, and related
Mayo Clin Proc Inn Qual Out n December 2020;4(6):725-732 n http
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-omics analysis. With the use of natural lan-
guage processing, unstructured biomedical
knowledge synthesis, and triangulation, Ven-
katakrishnan et al28 have evaluated more
than 45 quadrillion links in unstructured
biomedical text and used triangulation with
single-cell RNA sequencing in more than 25
tissues to identify possible pathologic features
of COVID-19 and the expression profile of the
SAR-CoV-2 angiotensin-converting enzyme 2
receptor. The analysis concluded that “tongue
keratinocytes, airway club cells, and ciliated
cells are likely underappreciated targets of
SARS-CoV-2 infection, in addition to type II
pneumocytes and olfactory epithelial cells.
We further identify mature small intestinal
enterocytes as a possible hotspot of COVID-
19 fecal-oral transmission, where an intriguing
maturation-correlated transcriptional signature
is shared between ACE2 and the other corona-
virus receptors DPP4 (MERS-CoV) and
ANPEP (a-coronavirus).”

The available evidence suggests that we
need to move beyond the traditional risk pa-
rameters and measures like vaccines, antiviral
drugs, and personal protective gear and to
see each patient as a whole person, subject
to the many environmental, metabolic, and ge-
netic variables that make us unique individ-
uals. The interplay among all these cofactors
has provided a new perspective on the patho-
genesis of infectious disease and may open the
door to innovative preventive and therapeutic
options for COVID-19. Combining these in-
sights with deep learning algorithms has the
potential to completely redesign the way in
which clinicians address the pandemic.
Abbreviations and Acronyms: AI = artificial intelligence;
HbA1c = hemoglobin A1c; HIV = human immunodeficiency
virus; ML = machine learning; SARS-CoV-2 = severe acute
respiratory syndrome coronavirus 2
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