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Abstract 
Although almost 2 years have passed since the beginning of the coronavirus disease 2019 (COVID-19) 
pandemic in the world, there is still a threat to the health of people at risk and patients. Specialists in 
various sciences conduct various researches in order to eliminate or reduce the problems caused by this 
disease. Neural network science plays a vital role in this regard. It is important to note the key points of 
neuro-microbial involvement in the diagnosis and management of COVID-19 therapy by physicians and 
patients whose nervous systems are challenged. The relationship between COVID-19, microbiome and 
the profile of microbial toxins in the body is one of the factors that can directly or indirectly play a key 
role in the body's resistance to Covid-19 and changes in the neural network of the brain. In this article, 
we introduce the relationship and behavioral and mood problems that can result from neuronal 
changes. In linking the components of this network, artificial intelligence (AI), machine learning (ML) 
and data mining (DM) can be important strategies to assist health providers to choose best decision 
based on patient’s history.  
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1. Introduction 
Coronavirus disease 2019 (COVID-19), known 

as significant public health challenge worldwide and is 
the causative agent of severe 
acute coronavirus respiratory syndrome. Since 
December 2019, the COVID-19 outbreak has become 
a significant universal pandemic threat for almost all 
people and specially patients with specific disabilities 
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[1, 2]. In pandemic situation, we are in constant 
struggle to stop virus infection or attenuate severity of 
disease every day [3]. Scientists in different fields tend 
to do their best, monitoring and managing disease. 
Because of complicated nature of neural network  
abnormalities and coinfections, it seems that there is a 
need for multidisciplinary research and performance 
based on complex systems biology of human neural 
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network-microbiome interaction in patient suffered 
from COVID-19 [4]. 

We are focouseing on human neural network, 
microbial toxins profile, and computer science-based 
research as a comprehensive monitoring strategy 
package against COVID-19. For this purpose, it is 
necessary to explain a series of concepts to understand 
the network relationship between these sciences, 
which we will describe as follows. 

 
2. Brain neural network development, 

microbiome, microbial toxins and COVID-19 
Since the clinical symptoms of COVID-19 focus 

more on respiratory symptoms, its consequences on 
the central nervous system (CNS), brain neural 
network development (BNN) have received less 
attention. However, in some cases, respiratory failure 
may occur following infection of the brainstem and 
affecting the respiratory centers [5]. The exact 
mechanism and relationship of neurological 
consequences in patients with coronavirus is not 
known. Some receptors for the virus, such as 

angiotensin-converting enzyme 2 (ACE2), appear to 
be less abundant in the brain, causing peripheral 
nerves to become infected more rapidly than CNS [4]. 
Neural pathways and neural networks are gateways 
for viruses to enter CNS. Viruses can internalize to cell 
via antrograde or retrograde neurotransmitters 
movement by infecting the base of sensory or motor 
nerve terminals [5].The olfactory nerve terminals 
which are coming from the frontal sinus are 
considered high-risk routes virus gate to CNS [6]. This 
route is converted to a conduit between the nasal 
epithelium and the CNS due to the unique structure of 
the olfactory nerves and olfactory bulb in the nasal 
cavity and frontal lobe of the brain. Coronaviruses can 
thus reach the brain through the nose and the olfactory 
cavity. Within 7 days, viruses that infect nasal cells can 
reach the brain and cerebrospinal fluid (CSF) via the 
olfactory nerve and produce demyelination owing to 
inflammation and response [7]. The detection of high 
levels of the virus in the brainstem after the onset of 
coronavirus also indicates the transmission of the 
virus to the CNS through the respiratory tract, which is 
associated with neurodegenerative diseases. 
Involvement of this area of the brain indicates the role 
of respiratory and cardiac control centers in COVID-
19-induced acute respiratory syndrome [8]. 

The growth and development of the neural 
network (NN) is one of the most known important 
requirements for human physiological stability [9]. 
This evolution could depend on different variables like 
genetic, microbiome, total microbial toxins profile, 
bodies regulatory systems and so on.  Maturation of 
human NN might affected during microbiome 
dysbiosis that itself, caused mood changes and 
sickness behaviours [9, 10]. Even it shows that 
difference in gut-brain axis between individuals and its 
microbiota composition diversity could lead to 
changes in human personality traits. The composition 
and diversity variations in the gut microbiota are 
linked to personality differences, including sociability 
and neurological disorders [11, 12]. 

It has been shown that social interactions can 
increase the diversity of the gut microbiome and the 
NN, and people with higher stress or anxiety have 
lower microbiome diversity. This discussion is very 
important in relation to some neurological diseases 
such as autism and can be examined in relation to 
other neurological diseases as well [11]. Nutrition can 
also play an important role in regulating NN growth by 
affecting the microbiome. For example, studies have 
shown that adults who were not breastfed as children 
had fewer microbiomes as adults [13]. Studies showed 
that, proper formation and ratio of the microbial 
population in life is indispensable for approporiate NN 
development [14]. 

In addition to the microbiome, microbial 
secondary metabolites, such as microbial toxins, can 
affect the physiology and behavior of the neural 
network [15]. Occupational exposure, daily routine, 
food consumption cultures and environmental factors 
in many places of the world are effective in the 
formation of different human microbiota and total 
microbial toxins volume in different forms. It is very 
important to monitor the relationship between NN 
development, microbiome and their toxins (such as 
lipopolysaccharide; LPS) especially in COVID-19 
patients. Because direct or indirect effects of 
microbiota and microbial toxins volume on BNN 
development is unavoidable [16-18]. Previous studies 
have shown that LPS (as a systemic inflammatory 
toxin), could lead to synaptic loss and cognitive decline 
in both animal models and human [5]. Part of this is 
due to the effect of LPS on stimulating the secretion of 
inflammatory cytokines, and part is related to the 
activation of microglia and the population of blood 
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cells such as platelets [5, 19]. Nowadays in some 
studies, developing brain is considering as an innate 
immunity key regulator and central player in brain-
developmental origin immune cells interaction of the 
body [20].  Therefore, it makes sense to consider acute, 
chronic, and even fetal stimuli by immune stimulants 
(such as microbial toxins) as an interfering factor in 
this sensitive pathway. Based on “leaky gut-brain 
hypothesis”, many microbial toxins will affect the 
growth and development of the neural network and 
the brain through this mechanism [21, 22]. Many 
studies have been done so far that show that in various 
neurological diseases, this microbial-microbial toxin 
association can be used for therapeutic purposes in 
many diseases. A therapeutic applications of some 
bacterial protein like: Clostridium botulinum 
Botulinum neurotoxin (BoNT), Bacillus anthracis 
Lethal toxin (LF), Bordetella pertussis Pertussis toxin 
(PTX), Escherichia coli Cytotoxic nectorizing factor1 
(CNF1) and Chlorotoxins have previusely presented as 
an immunotoxins or other form to attenuate a series of 
disease [12, 23]. Another members of bacterial toxins 
like neurotoxins are multipotential toxins which could 
consider as interacting agents with NN and neuronal 
cells. They can target different NN include: 
motoneurons, inhibitory interneurons, hippocampal 
neurons, enterocyte neurons, Enterochromaffin cells 
and vagal nerve, enterochromaffin cells and enteric 
neurons [24, 25].  

During infection with COVID-19, the microbiome, 
microbial populations, and the volume and type of 
microbial toxins in the body can change. These 
changes or accidental coinfection of individuals can 
have different effects on the growth and function of the 
brain's neural network [26]. These effects are very 
diverse and can range from stimulation of the 
vomiting center in the brain to stimulation of 
glutamate (Glu)-acetyl cholin (Ach)-gama amino 
butyric acid (GABA)-glycin (Gly) release and apoptosis 
of brain neurons. A series of neurotransmitters and 
neuropeptides realease or blocking also could affect 
during exposure with some bacterial neurotoxins. The 
most important neurotransmitters in this case 
include: Ach, Glu, Aspartate (Asp), GABA, Gly, 
Dopamine (Dopn),  Adrenalin (Adrln), Noradrenalin 
(NAdrln), Seretonin (or 5-HT), Adenosine 
triphosphate (ATP) corelease with Ach and 
Nicotinamide adenine dinucleotide (NAD), Calcitonin 

gene-related peptide (CGRP), Vaso intestinal peptide 
(VIP), Neuropeptide Y, SP and Nitric oxide (NO) [24]. 

One of the problems in studying the biology of 
systems related to microbiome-microbial toxins and 
their effects on neural networks is the existence of 
many variables. If there is a way to classify or 
categorize these variables and find their relationships, 
the possibility of predicting, preventing, and treating 
management is not unexpected. 

 
3. Machine learning as a promising 

strategy 

Different methods have been used till now to 
increase the effectiveness of COVID-19 prophylaxis or 
treatment include personal hygiene prevention, 
nutrition, lifestyle changes and vaccinations [27]. 
However, no interdisciplinary viewpoint has been 
established to assess the acquired data. We suggest 
artificial intelligence (AI), machine learning (ML), and 
data mining (DM) as multipotentially relevant ways 
for integrating the components of the microbiome, 
microbial toxins, NN, and COVID-19 network. 

In brief, AI utilized automated ways of computing, 
reasoning and inference by computers. ML is a subset 
of AI. It converts data into information and makes 
decisions based on this conversion. Most 
indispensable algorithms in this case are: 
classification, clustering, feature selection and 
prediction. On the other hand, DM do extracting 
information from a massive data. DM is not a technical 
discipline but uses different algorithms related to 
natural language processing (NLP), ML and AI. It is 
capable to search within different programs, 
manuscript abstracts and create question-answer 
systems to classify data and make conclusion [28]. 
These computer sciences help computers to behave 
intelligently and perform various tasks.  

ML has the capacity to generalize data from 
expansive sums of information and 
can utilize calculations to recognize connections and d
esigns between comes about of 
DM, get valuable comes about, and 
take modern activities [29]. DM, AI, and ML are three 
sciences that, in expansion to their contrasts, are 
moreover straightforwardly related to each other [30].  

Modern medicine produces a lot of data obtained 
from COVID-19 cases. ML and DM has the ability to 
analyze raw/multidimensional data of brain 
abnormalities, microbial toxicity, microbiome chages 
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and COVID-19 patient lab information that is available 
at medical or clinical databases or hospitals. After 
targeted classification, these information and data 
could present regular patterns involved in brain 
disease development. Yielded computing data is useful 
ti introduce and determine correlations between 
different characteristics such as patients' personal 
data, disease symptoms or even diseae predictions. 
One of the most crucial aspects of ML in the case of 
data analysis is helping physicians in more accurate 
diagnosis of diseases and choosing the appropriate 
treatment for patients with significant changes in their 
microbiome golden ratio or microbial toxins profiles 
that can lead to neuronal dysfunctions[31]. Today, the 
use of technology and science of machine learning in 
the prevention, early diagnosis and treatment of many 
Alzheimer's, dementia, and Parkinson's disease are all 
on the rise [32]. Better early prognosis improves the 
qualification of preventing or theurapetic  decisions for 
physicians, minimizing different medical errors, and 
could decline the cost and time of diagnosis, or indeed 
rescues and fullfill patients [33]. Natural language, 
Network Diffusion algorithm, Image processing and 
volumetric information, Time-series data, Graph data, 
support vector machine, and General data and 
multimodal data are some of the different types of ML 
data categories and methos that are now used to select 
the best ML model for a given problem based on 
different neurodegenerative diseases [32]. Scientists 
use 2D, 3D, graph convolutional neural network 
models, specialized natural language processing tools 
(BERT, SpaCy, CoreNLP, SyntaxNet, etc.), 
Hierarchical Basin models (SVMs, for example), 
random forests, and variations-as many ML models 
Use an autoencoder to diagnose Alzheimer's disease 
(AD), Parkinson's disease (PD), or to assess dementia 
categorization. We also used a cutting-edge machine 
learning (ML) model to predict the development of 
molecular fingerprints in amyotrophic lateral sclerosis 
(ALS) and the side effects of various medicines [32, 
34]. 

Different neurodegenerative disease-related data 
types (Neuroimaging, cognitive performance tests, 
transcriptomic data, biomarker data, motor 
performance test and metabolomics data) now 
conventionally used by machine learning algorithms 
for disease progression evaluation [32, 35]. 

ML has also been found to be beneficial in 
identifying microbial and microbial toxin-related 

diseases, including as septicemia, nosocomial 
infections, surgical site infections (SSIs), and other 
postoperative infections, as well as evaluating and 
forecasting microbial test findings. Increase site-
specific infections such as general infections, 
musculoskeletal infections, antibiotic prescriptions, 
deep fungal infections, and urinary tract infections 
(UTI) are monitored and tracked [27]. 

Machine learning can be used in many areas 
because of the infectious nature of Covid-19 and the 
effect that microbial profiles and microbial toxins can 
have on a patient's brain-neural network. Medical 
imaging, drug discovery, vaccine development, 
molecular biology and neuro-infection control are all 
commonalities between neuropsychiatric and 
infectious diseases that can be practiced under the 
supervision of machine learning monitoring [36]. 

 

4. Comprehensive conclusion 
With the emergence of the COVID19 pandemic, 

human populations today are experiencing 
unprecedented health protocols. Some of these 
precautions have become commonplace. Like the 
constant use of hand sanitizers and new eating habits. 
These procedures can affect the amount and type of 
microbiota and microbial noxins volume in the body. 
For example, it is expected that as a result of overusing 
of hand sanitizers and antibiotics, the golden ratio of 
the human microbiome changes, so does the total 
available LPS of the body. The presence of such 
microbial toxins, which are themselves the cause of 
neural degeneration and one of the most prevalence 
natural leaders of neurodegenerative diseases in the 
body, is a very important caution alarm. Because LPS 
is not the only microbial toxin that is expected to 
increase in the body during the Covid-19 pandemic. 
Undoubtedly, such changes are being experienced 
chronically every day in human populations, and their 
effects on the body's defense systems and the growth 
of brain NN will be seen in humans. Our hypothesis is 
that the use of various information related to 
neuropsychiatric problems in neurodegenerative 
diseases and its association with microbial profiles and 
microbial toxins in COVID-19 patients will be a new 
promising and highly advanced approach in the 
diagnosis and treatment of the disease in the future. By 
monitoring and analyzing microbial toxin and 
considering neurological disease data via ML models, 
a new approach may be taken to reduce the potential 
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of neurodegeneration in human body during the 
COVID-19 pandemic. 
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