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Abstract 
Although almost two 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. Nutrition is one of the sciences that plays a very important supportive role in this regard. 
It is important for patients to pay attention to the potential of different diets in preventing or 
accelerating the healing process. The relationship between nutrition and microbiome regulation or the 
occurrence of food microbial poisoning is one of the factors that can directly or indirectly play a key role 
in the body's resilience to COVID-19. In this article, we introduce a link between nutrition, the 
microbiome, and the incidence of food microbial poisoning that may have great potential in preventing, 
treating COVID-19, or preventing deterioration in patients. In linking the components of this network, 
artificial intelligence (AI), machine learning (ML) and data mining (DM) can be important strategies 
and lead to the creation of a conceptual model called "Balance square", which we will introduce. 
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1. Introduction 
Todays, coronavirus disease 2019 (COVID-19), 

known as significant public health challenge and is 
the causal agent of severe 
acute coronavirus respiratory syndrome. Since 
December 2019, the COVID-19 outbreak has become 
a significant global epidemic threat for at risk people's 
health and patients [1]. In this pandemic situation, we 
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are in constant struggle to stop virus infection or 
attenuate severity of disease every day [2]. Specialists 
in various fields of sciences try to do their best, 
attenuating or eliminating symptoms caused by 
disease. Recently, however, due to the more complex 
process of diagnosis and treatment, it seems that there 
is a need for multidisciplinary research and 
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performance based on system biology in the face of 
COVID-19. 

We consider nutrition, microbiology, microbial 
toxins, and computer science-based research as a 
comprehensive diagnostic, prophylactic, and coping 
strategy 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 below. 

 
2. Correlations of nutrition, microbiome, 

microbial toxins and COVID-19 
The determining role of nutrition, microbiome 

and food poisoning caused by microbial toxins in 
human health has long been demonstrated [3-5]. 
Different eating habits can play a role in the 
development of diseases by changing human 
microbiome ratio [6]. Eating habits, in turn, have a 
significant impact on the incidence of diseases such as 
obesity, diabetes and cardiovascular disease. Each of 
these diseases can cause different reactions of the body 
in the face of COVID-19 [7, 8]. Therefore, diets, need to 
observe with high accuracy in different human 
population from healthy to those who suffered disease. 
The type of nutritional value, cooking method and 
hours and amount of meals are other important and 
influential factors in the quality of food consumed by a 
person [9]. Consumption food groups can mainly 
include 9 groups of breads and cereals, fruits, 
vegetables, meats and meat products, legumes, nuts, 
fats, low-fat milk and dairy products, and high-fat milk 
and dairy products.  

Different characteristics affect a person's resident 
or transient microbiome and the likelihood of food 
poisoning: age, level of education, economic status, 
height, weight, use of prebiotics, probiotics and 
synbiotic, multivitamin and mineral supplements, 
genetic disorders, health of drinking water, living in 
the city or village, cultural characteristics, lifestyle and 
occupation [10]. 

Studies have shown that the gut microbiota in 
people with a variety of diseases, including 
inflammatory bowel disease, type 1 and type 2 
diabetes, celiac disease, autism, multiple sclerosis or 
COVID-19, can be different from healthy people [11]. 
As a result, the proper formation of the microbial 
population in life can, in a way, play an important role 
in a person's health in the future. It has even been 
observed that, the mother's microbiota is directly 

related to the baby's microbiota, and that the mother's 
diet during pregnancy can affect the microbial 
population of the baby's gut [12]. 

It seems that the effect of diet on many diseases 
can be explained by changes for example in intestinal 
microbiota. Different eating habits can play a role in 
the development of diseases by changing the 
microbiota [13]. Habits, food consumption cultures 
and environmental factors in different parts of the 
world are effective in the formation of intestinal 
microbiota in different forms. It is important to 
investigate the relationship between diet and 
microbiome and their toxins (such as 
lipopolysaccharide=LPS) or food poisoning in relation 
to Covid-19. Because it can have significant direct or 
indirect effects on the readiness and capacity of the 
immune system [14]. 

This association between microbiome and 
nutrition is important, even in relation to COVID-19 in 
pregnant mothers. In the past, it was thought that the 
baby's gut was sterile before birth and its microbial 
population formed only after birth, but now analysis of 
the baby's first stool, meconium, has shown that the 
mother's uterine environment is not sterile and 
contains a microbial population that was born before 
birth which the baby received through the placenta 
and amniotic fluid [15]. The origin of this microbial 
population can be from the mother's gastrointestinal 
tract, bacteria in the mother's oral cavity or from the 
urogenital area [16]. During pregnancy, 
gastrointestinal motility decreases and uterine 
pressure increases, especially late in this period. On the 
other hand, the effect of estrogen on mesenteric 
arteries and increasing pressure on these arteries by 
the fetus causes transient clogging of arteries. These 
factors, along with the weakening of intestinal barriers 
against bacterial growth, cause the transfer of bacteria 
from the intestine to other organs [17]. In addition, 
pregnancy can affect the thickness of the mucosal layer 
and the adhesion of enterocytes, causing bacteria to 
enter the blood and lymph vessels to reach other 
tissues, such as the placenta and amniotic fluid. This 
transmission is probably through dendritic cells and 
CD18 + [18]. Surprisingly, by swallowing amniotic 
fluid, the germs enter the baby's gut and appear in 
meconium after birth [19]. The extent to which this 
microbiome is embedded can play a role in 
establishing or preventing mother-to-child reception 
of COVID-19. 
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Various studies have shown that human nutrition, 
even before birth, can affect the future human 
microbiome. For example, in a study in 2018, it was 
shown that mothers in the normal delivery group were 
associated with an increase in fruit consumption 
during pregnancy with an increase in the 
Streptococcus/Clostridium group population in the 
baby's stool. Interestingly, contrary to expectations, 
fruit consumption was inversely related to 
Bifidobacterium spp., which is known as a beneficial 
bacterium, and consumption of red meat and 
processed foods was directly related to the amount of 
this bacterium. In addition, maternal dairy 
consumption during pregnancy was associated with 
an increase in Clostridium in cesarean section infants. 
Consumption of fish and seafood also showed a 
positive relationship with Streptococcus bacteria in 
new born neonates [20]. Also, another study in 2018 
that focused on maternal food intake in the third 
trimester of pregnancy showed that high consumption 
of vegetables and reduced consumption of processed 
meat and fried foods during pregnancy were inversely 
related to the amount of Bacteroides spp. and 
Clostridium spp. in infant feces [21]. 

Another study conducted in 2017 showed that 
maternal fat intake during pregnancy, including 
saturated fatty acid (SFA) and monounsaturated fatty 
acids (MUFA), was associated with an increase in the 
order Firmicutes and a decrease in some groups, such 
as the Proteobacteria order. A number of vitamins (A, 
D, E, B₂, B₁, B₃, B₃, B₉, B₁₂, B₆, C, carotenoids, 
retinoic acid), plant protein and fiber negatively 
associated with Coprococcus, Blautia, Roseburia and 
several bacterial family reflected Ruminococcaceae 
and Lachnospiraceae. Most of these species were 
more abundant and positively associated with 
maternal fat intake, MUFA, animal protein and 
especially significant association with SFA. Total 
maternal fat intake during pregnancy was negatively 
related to Escherichia and Shigella genera and 
positively related to Firmicutes genus including 
Blautia, Roseburia, Rombustia and Faecalibacterium 
genera. These groups also had a negative relationship 
with fiber and animal protein source. Total 
carbohydrates, plant proteins, and fiber were inversely 
related to the order Firmicutes. In neonates born by 
cesarean section, maternal fiber intake was positively 
associated with Proteobacteria. They also reported 
that polyunsaturated fatty acids (PUFAs) levels were 

positively associated with Proteobacteriaceae and 
negatively associated with Firmicutes [22]. 

It is found that 
intestine microbiome changes found in COVID-19 
hospitalized patients. This suggests that changes in the 
intestinal microbiome may play a role in increasing the 
intensity of COVID-19 [23]. As a matter of fact, gut 
microbiota as a dark side of life in human body set 
metabolic homeostasis of mankind and its imbalance 
could turn pathogenesis of COVID-19 more complex. 
For this reason, various studies have been performed 
in which foods containing polyphenols and dietary 
supplements such as probiotics and vitamins such as 
vitamin D have been shown to be effective in 
preventing or reducing the severity of COVID-19 [24, 
25].  

 
3. Application of computer sciences and 

programming: Promising strategies 

As described before, nutritional portions and 
types is capable to lead to microbiome dysbiosis and 
eventually leads to immune imbalance which is critical 
in order to COVID-19 management [26]. For instance, 
it is possible to observe simultaneous penetration of 
microbial toxic metabolites like bacterial LPS, into 
intrauterine space in pregnant mothers and other 
human intracellular fluids and organs. LPS as a potent 
cytokine storm inducer then might lead to immune 
imbalances in neonates, which are predictable. Such 
an outcome can also be seen as a result of receiving 
foods that carry microbial toxins or bacteria that 
produce microbial toxins (staphylococcal 
superantigens and bacillus enterotoxins). 

So far, various methods have been used to 
increase the effectiveness of drug compounds, identify 
microbial toxins, different pathogens identification in 
different patients and make optimal use of 
environmental and food capacities [27]. Still, there is a 
need for a multidisciplinary perspective to evaluate the 
data obtained. In linking the components of nutrition 
science, microbiology, microbial toxins and COVID-19 
network, artificial intelligence (AI), machine learning 
(ML) and data mining (DM) can be important 
strategies and lead to the creation of a conceptual 
model called "Balance square", which we will 
introduce. 

In short, AI deals with automated methods of 
reasoning and inference by computers. ML is a subset 
of AI. This field converts data into information and 
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makes decisions based on it. Some of its important 
algorithms are: classification, clustering, feature 
selection and prediction. DM is about extracting 
information from a large amount of data or the big 
data. Data mining is not a technical discipline but uses 
different algorithms related to natural language 
processing (NLP), ML and AI. Search programs, text 
summaries, and question-and-answer systems are 
examples of data mining applications [28]. These new 
sciences help machines to behave like an intelligent 
human being and to be able to perform various tasks. 
AI does not have the power to learn and analyze 
events, but it does program the information needed to 
solve potential problems and provides it to the system, 
then uses these data and calculations to begin solving 
problems and issues [29]. AI is closely related to ML; 
in essence, a pre-written program tells the system to 
learn new knowledge over time from past outputs and 
performance to improve future performance and 
decision making. ML has the ability to generalize 

information from large amounts of data and can use 
algorithms to identify relationships and patterns 
between the results of DM, obtain useful results, and 
take new actions [30]. DM, AI, and ML are three 
sciences that, in addition to their differences, are also 
directly related to each other. The use of AI made it 
smarter [31].  

Modern medicine produces large volumes of data 
in various fields. This is clearly seen in relation to the 
vast amount of data obtained from COVID-19. Data 
mining has the ability to analyze large raw or 
multidimensional data of COVID-19 that is stored in 
medical and clinical databases or collected from 
medical centers and hospitals. This knowledge has the 
ability to discover regular patterns involved in disease 
development, proposing correlations between 
different characteristics such as patients' personal 
data, disease symptoms or even predictions. One of 
the important aspects of data mining in accurate 
diagnosis of diseases and choosing the appropriate 

 

 
 

Figure 1.  BS-1 Conceptual Model. This model introduces the best model of nutrition ingredient, portion size, or diet for Covid-19 

patients (A) or people at high risk of getting sick (B), based on AI, ML, and DM assistance. Information data of individual 

microbiome (C) is provided to BS-1 software through user interfaces such as a wearable gadget (D) or laboratory-recorded 

information (E). The best diet (F) or prescription (G) is then given to the user to create a golden ratio of microbiome (H) or to avoid 

microbial poisoning which can worsen the disease. The information obtained can provide health care providers with more accurate 

decision-making power. 
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treatment for COVID-19 patients can be used is the 
prognosis of the disease, which is of great importance 
in medicine. Prognosis discovery improves the quality 
of medical decisions, minimizes medical errors, and 
reduces the cost and time of diagnosis, or even rescues 
and satisfies patients [32]. Radiologists use ML image 
segmentation algorithms to find any emergencies in 
patient’s radio/X-Images. They also applied ML-
based software’s to assist younger radiologists for 
educational manner and training. ML is also helpful to 
prevent any misdiagnosis. Radiologists usually use it 
in rapid lesions identification and confirm their 
diagnosis [33]. Gender determination from hand 
image, automatic detection of grandiose epilepsy and 
recognition of normal actions in video by combining 
machine vision (MV) techniques and ML, selection of 
effective features in breast cancer diagnosis using 
parametric ML models, detection of mitotic cells in 
images Breast biopsy with the help of fast learning 
machines, diagnostic screening of pulmonary 
tuberculosis using AI, heart problems and disorders 
prediction, helping to identify and progress 
neurological diseases such as MS and Parkinson's and 
many other health problems are examples of AI, ML 
and DM applications in the medical sciences [34]. 

In the "Balance square number-1 (BS-1) model 
(Figure 1), we propose to evaluate the golden ratio of 
microbiome, nutrition portion and type, and microbial 
toxins for COVID-19 patients. After analyzing the 
results, each person should be prescribed a golden diet 
related to their own systems biology. This diet, along 
with medication and lifestyle changes, can provide an 
important diagnostic, preventive, or therapeutic role 
for the individual. 

Probiotics play a key role in the battle against 
foreign germs, causing inhibition and adhesion of the 
intestines in direct opposition to bacteria and viruses 
by inhibiting the mucosal barrier of the body. They also 
boost alveolar macrophage activity and are useful 
against lung disorders. They also enhance the immune 
system with their by-products [35]. 

Another study focused on the impact of probiotics, 
vitamin D, and omega-3 fatty acids on intestinal issues 
in COVID-19 illness [36]. 

One of the most important applications of 
machine models and analysis will undoubtedly be to 
aid in the sequencing of microbial genes and to 
promote microbial analysis [37]. 

Microbial resistance and the creation of harsher 
toxins can also result from poor dietary habits, 
necessitating the development of new medications 
[38]. 

 
4. Comprehensive conclusion 
The BS-1 model is able to examine large amounts 

of data about individuals before or after COVID-19 
infection. If the laboratory information is abnormal, 
suggest appropriate warnings and precautions for 
each individual after logical mathematical reasoning. 
BS-1 helps physicians understand what the best diet is 
or diet limitations for COVID-19 patients or people at 
high risk for the disease? What compounds are 
inflammatory or suppress the immune system? What 
behaviors lead to person's microbiome dysbiosis? 

So far, there has been no study conducted to test 
validation of such model (BS-1) according to 
correlation of microbiome-microbiota toxic 
metabolites like bacterial LPS and nutrition in COVID-
19 positive patients. We suggest to AI, ML and DM 
scientist to produce BS-1 software as an effective tool 
for better Covid-19 management. Arrays of different 
wearable gadgets could develop for each person to 
record and report individuals' data to BS-1. This data 
can ultimately help the doctor or other specialists 
make better decisions or help them diagnose the best 
time to visit and assess the patient's condition. 
Unfortunately there are also some limitations 
according clear application of "Balance square" 
concept as follows:  weakness in multidisciplinary 
insights for scientific teams, complexity of concept‘s 
systems biology, poor connection between basic and 
medical sciences. We proposed more interdisciplinary 
collaboration to overcome and fill in present gaps.  

 
Authors’ contributions 
FT, SEH: Collecting and summarizing nutrition-

related articles. MJ, MA: Collecting and summarizing 
both nutrition and microbiome-related articles. EGH: 
EndNote library preparation and drafting manuscript. 
FA: Native language editing. AR: Drafting and critical 
revision. MH: Suggesting the idea of article, writing 
first draft of article, scientific editing.   

 
Conflict of interests  
None to declare. 
 
Ethical declarations 



Taslimi et al. 

6 

Not applicable. 
 
Financial support 
Financial support of this review article has based 

on personal foundation. 
 
References 

1. Gordon M, Kagalwala T, Rezk K, Rawlingson C, Ahmed MI, 
Guleri A. Rapid systematic review of neonatal COVID-19 including 
a case of presumed vertical transmission. BMJ Paediatr Open. 
2020; 4(1):e000718. 
2. Chen H, Guo J, Wang C, Luo F, Yu X, Zhang W, et al. Clinical 
characteristics and intrauterine vertical transmission potential of 
COVID-19 infection in nine pregnant women: a retrospective 
review of medical records. Lancet. 2020; 395(10226):809-15. 
3. Burchill E, Lymberopoulos E, Menozzi E, Budhdeo S, McIlroy 
JR, Macnaughtan J, et al. The Unique Impact of COVID-19 on 
Human Gut Microbiome Research. Front Med (Lausanne). 2021; 
8:652464. 
4. Yamamoto S, Saito M, Tamura A, Prawisuda D, Mizutani T, 
Yotsuyanagi H. The human microbiome and COVID-19: A 
systematic review. PLoS One. 2021; 16(6):e0253293. 
5. Chhibber-Goel J, Gopinathan S, Sharma A. Interplay between 
severities of COVID-19 and the gut microbiome: implications of 
bacterial co-infections? Gut Pathog. 2021; 13(1):14. 
6. Gilbert JA, Blaser MJ, Caporaso JG, Jansson JK, Lynch SV, 
Knight R. Current understanding of the human microbiome. Nat 
Med. 2018; 24(4):392-400. 
7. Paoli A, Gorini S, Caprio M. The dark side of the spoon - glucose, 
ketones and COVID-19: a possible role for ketogenic diet? J Transl 
Med. 2020; 18(1):441. 
8. Mozaffarian D. Dietary and Policy Priorities for Cardiovascular 
Disease, Diabetes, and Obesity: A Comprehensive Review. 
Circulation. 2016; 133(2):187-225. 
9. Ruf A, Koch ED, Ebner-Priemer U, Knopf M, Reif A, Matura S. 
Studying Microtemporal, Within-Person Processes of Diet, 
Physical Activity, and Related Factors Using the APPetite-Mobile-
App: Feasibility, Usability, and Validation Study. J Med Internet 
Res. 2021; 23(7):e25850. 
10. Gao Y, Niu M, Yu X, Bao T, Wu Z, Zhao X. Horizontally 
Acquired Polysaccharide-Synthetic Gene Cluster From Weissella 
cibaria Boosts the Probiotic Property of Lactiplantibacillus 
plantarum. Front Microbiol. 2021; 12:692957. 
11. Knox NC, Forbes JD, Peterson CL, Van Domselaar G, Bernstein 
CN. The Gut Microbiome in Inflammatory Bowel Disease: Lessons 
Learned From Other Immune-Mediated Inflammatory Diseases. 
Am J Gastroenterol. 2019; 114(7):1051-70. 
12. Moore RE, Townsend SD. Temporal development of the infant 
gut microbiome. Open Biol. 2019; 9(9):190128. 
13. Rinninella E, Cintoni M, Raoul P, Lopetuso LR, Scaldaferri F, 
Pulcini G, et al. Food Components and Dietary Habits: Keys for a 
Healthy Gut Microbiota Composition. Nutrients. 2019; 
11(10):2393. 
14. Domingo JL, Marquès M. The effects of some essential and 
toxic metals/metalloids in COVID-19: A review. Food Chem 
Toxicol. 2021; 152:112161. 

15. Stinson LF, Boyce MC, Payne MS, Keelan JA. The Not-so-
Sterile Womb: Evidence That the Human Fetus Is Exposed to 
Bacteria Prior to Birth. Front Microbiol. 2019; 10:1124. 
16. Drago L, Toscano M, De Grandi R, Grossi E, Padovani EM, 
Peroni DG. Microbiota network and mathematic microbe 
mutualism in colostrum and mature milk collected in two different 
geographic areas: Italy versus Burundi. ISME J. 2017; 11(4):875-
84. 
17. Mustansir Dawoodbhoy F, Patel BK, Patel K, Bhatia M, Lee CN, 
Moochhala SM. Gut Microbiota Dysbiosis as a Target for 
Improved Post-Surgical Outcomes and Improved Patient Care: A 
Review of Current Literature. Shock. 2021; 55(4):441-54. 
18. Coad J, Pedley K, Dunstall M. Anatomy and physiology for 
midwives e-book: Elsevier Health Sciences; 2019. 
19. Jiménez E, Marín ML, Martín R, Odriozola JM, Olivares M, 
Xaus J, et al. Is meconium from healthy newborns actually sterile? 
Res Microbiol. 2008; 159(3):187-93. 
20. Lundgren SN, Madan JC, Emond JA, Morrison HG, 
Christensen BC, Karagas MR, et al. Maternal diet during 
pregnancy is related with the infant stool microbiome in a delivery 
mode-dependent manner. Microbiome. 2018; 6(1):109. 
21. Savage JH, Lee-Sarwar KA, Sordillo JE, Lange NE, Zhou Y, 
O'Connor GT, et al. Diet during Pregnancy and Infancy and the 
Infant Intestinal Microbiome. J Pediatr. 2018; 203:47-54.e4. 
22. Kim H, Kang S, Jung BM, Yi H, Jung JA, Chang N. Breast milk 
fatty acid composition and fatty acid intake of lactating mothers in 
South Korea. Br J Nutr. 2017; 117(4):556-61. 
23. Clemente-Suárez VJ, Ramos-Campo DJ, Mielgo-Ayuso J, 
Dalamitros AA, Nikolaidis PA, Hormeño-Holgado A, et al. 
Nutrition in the Actual COVID-19 Pandemic. A Narrative Review. 
Nutrients. 2021; 13(6):1924. 
24. Jayawardena R, Sooriyaarachchi P, Chourdakis M, 
Jeewandara C, Ranasinghe P. Enhancing immunity in viral 
infections, with special emphasis on COVID-19: A review. Diabetes 
Metab Syndr. 2020; 14(4):367-82. 
25. Hu J, Zhang L, Lin W, Tang W, Chan FKL, Ng SC. Review 
article: Probiotics, prebiotics and dietary approaches during 
COVID-19 pandemic. Trends Food Sci Technol. 2021; 108:187-96. 
26. Morais AHA, Passos TS, Maciel BLL, da Silva-Maia JK. Can 
Probiotics and Diet Promote Beneficial Immune Modulation and 
Purine Control in Coronavirus Infection? Nutrients. 2020; 
12(6):1737. 
27. Sekse C, Holst-Jensen A, Dobrindt U, Johannessen GS, Li W, 
Spilsberg B, et al. High Throughput Sequencing for Detection of 
Foodborne Pathogens. Front Microbiol. 2017; 8:2029. 
28. Fromm H, Wambsganss T, Söllner M. Towards a taxonomy of 
text mining features. In Proceedings of the 27th European 
Conference on Information Systems (ECIS), Stockholm & 
Uppsala, Sweden, June 8-14, 2019. Available from: 
https://aisel.aisnet.org/ecis2019_rip/53 
29. Patil S, Patil KR, Patil CR, Patil SS. Performance overview of an 
artificial intelligence in biomedics: a systematic approach. Int J Inf 
Tecnol. 2020; 12(3):963-73. 
30. Romero C, Ventura S. Data mining in education. Wiley 
Interdiscip Rev Data Min Knowl Discov. 2013; 3(1):12-27. 
31. Adadi A, Berrada M. Peeking inside the black-box: a survey on 
explainable artificial intelligence (XAI). IEEE access. 2018; 
6:52138-60. 

http://dx.doi.org/10.1136/bmjpo-2020-000718
http://dx.doi.org/10.1136/bmjpo-2020-000718
http://dx.doi.org/10.1136/bmjpo-2020-000718
http://dx.doi.org/10.1136/bmjpo-2020-000718
https://pubmed.ncbi.nlm.nih.gov/32151335/
https://pubmed.ncbi.nlm.nih.gov/32151335/
https://pubmed.ncbi.nlm.nih.gov/32151335/
https://pubmed.ncbi.nlm.nih.gov/32151335/
https://pubmed.ncbi.nlm.nih.gov/33796545/
https://pubmed.ncbi.nlm.nih.gov/33796545/
https://pubmed.ncbi.nlm.nih.gov/33796545/
https://pubmed.ncbi.nlm.nih.gov/33796545/
https://pubmed.ncbi.nlm.nih.gov/34161373/
https://pubmed.ncbi.nlm.nih.gov/34161373/
https://pubmed.ncbi.nlm.nih.gov/34161373/
https://pubmed.ncbi.nlm.nih.gov/33632296/
https://pubmed.ncbi.nlm.nih.gov/33632296/
https://pubmed.ncbi.nlm.nih.gov/33632296/
https://pubmed.ncbi.nlm.nih.gov/29634682/
https://pubmed.ncbi.nlm.nih.gov/29634682/
https://pubmed.ncbi.nlm.nih.gov/29634682/
https://doi.org/10.1186/s12967-020-02600-9
https://doi.org/10.1186/s12967-020-02600-9
https://doi.org/10.1186/s12967-020-02600-9
https://pubmed.ncbi.nlm.nih.gov/26746178/
https://pubmed.ncbi.nlm.nih.gov/26746178/
https://pubmed.ncbi.nlm.nih.gov/26746178/
https://pubmed.ncbi.nlm.nih.gov/34342268/
https://pubmed.ncbi.nlm.nih.gov/34342268/
https://pubmed.ncbi.nlm.nih.gov/34342268/
https://pubmed.ncbi.nlm.nih.gov/34342268/
https://pubmed.ncbi.nlm.nih.gov/34342268/
https://pubmed.ncbi.nlm.nih.gov/34234766/
https://pubmed.ncbi.nlm.nih.gov/34234766/
https://pubmed.ncbi.nlm.nih.gov/34234766/
https://pubmed.ncbi.nlm.nih.gov/34234766/
https://pubmed.ncbi.nlm.nih.gov/31232832/
https://pubmed.ncbi.nlm.nih.gov/31232832/
https://pubmed.ncbi.nlm.nih.gov/31232832/
https://pubmed.ncbi.nlm.nih.gov/31232832/
https://pubmed.ncbi.nlm.nih.gov/31506017/
https://pubmed.ncbi.nlm.nih.gov/31506017/
https://pubmed.ncbi.nlm.nih.gov/31591348/
https://pubmed.ncbi.nlm.nih.gov/31591348/
https://pubmed.ncbi.nlm.nih.gov/31591348/
https://pubmed.ncbi.nlm.nih.gov/31591348/
https://pubmed.ncbi.nlm.nih.gov/33794307/
https://pubmed.ncbi.nlm.nih.gov/33794307/
https://pubmed.ncbi.nlm.nih.gov/33794307/
https://pubmed.ncbi.nlm.nih.gov/31231319/
https://pubmed.ncbi.nlm.nih.gov/31231319/
https://pubmed.ncbi.nlm.nih.gov/31231319/
https://pubmed.ncbi.nlm.nih.gov/27983720/
https://pubmed.ncbi.nlm.nih.gov/27983720/
https://pubmed.ncbi.nlm.nih.gov/27983720/
https://pubmed.ncbi.nlm.nih.gov/27983720/
https://pubmed.ncbi.nlm.nih.gov/27983720/
https://pubmed.ncbi.nlm.nih.gov/32881759/
https://pubmed.ncbi.nlm.nih.gov/32881759/
https://pubmed.ncbi.nlm.nih.gov/32881759/
https://pubmed.ncbi.nlm.nih.gov/32881759/
https://pubmed.ncbi.nlm.nih.gov/18281199/
https://pubmed.ncbi.nlm.nih.gov/18281199/
https://pubmed.ncbi.nlm.nih.gov/18281199/
https://pubmed.ncbi.nlm.nih.gov/29973274/
https://pubmed.ncbi.nlm.nih.gov/29973274/
https://pubmed.ncbi.nlm.nih.gov/29973274/
https://pubmed.ncbi.nlm.nih.gov/29973274/
https://pubmed.ncbi.nlm.nih.gov/30173873/
https://pubmed.ncbi.nlm.nih.gov/30173873/
https://pubmed.ncbi.nlm.nih.gov/30173873/
https://pubmed.ncbi.nlm.nih.gov/28285609/
https://pubmed.ncbi.nlm.nih.gov/28285609/
https://pubmed.ncbi.nlm.nih.gov/28285609/
https://pubmed.ncbi.nlm.nih.gov/34205138/
https://pubmed.ncbi.nlm.nih.gov/34205138/
https://pubmed.ncbi.nlm.nih.gov/34205138/
https://pubmed.ncbi.nlm.nih.gov/34205138/
https://pubmed.ncbi.nlm.nih.gov/32334392/
https://pubmed.ncbi.nlm.nih.gov/32334392/
https://pubmed.ncbi.nlm.nih.gov/32334392/
https://pubmed.ncbi.nlm.nih.gov/32334392/
https://pubmed.ncbi.nlm.nih.gov/33519087/
https://pubmed.ncbi.nlm.nih.gov/33519087/
https://pubmed.ncbi.nlm.nih.gov/33519087/
https://pubmed.ncbi.nlm.nih.gov/32532069/
https://pubmed.ncbi.nlm.nih.gov/32532069/
https://pubmed.ncbi.nlm.nih.gov/32532069/
https://pubmed.ncbi.nlm.nih.gov/32532069/
https://pubmed.ncbi.nlm.nih.gov/29104564/
https://pubmed.ncbi.nlm.nih.gov/29104564/
https://pubmed.ncbi.nlm.nih.gov/29104564/
https://doi.org/10.1007/s41870-018-0243-8
https://doi.org/10.1007/s41870-018-0243-8
https://doi.org/10.1007/s41870-018-0243-8
https://doi.org/10.1002/widm.1075
https://doi.org/10.1002/widm.1075
https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1109/ACCESS.2018.2870052


Taslimi et al. 

7 

32. Dilsizian SE, Siegel EL. Artificial intelligence in medicine and 
cardiac imaging: harnessing big data and advanced computing to 
provide personalized medical diagnosis and treatment. Curr 
Cardiol Rep. 2014; 16(1):441. 
33. Hansell DM, Lynch DA, McAdams HP, Bankier AA. Imaging 
of Diseases of the Chest E-Book , 5th Edition. Elsevier Health 
Sciences; 2009. 
34. Patel UK, Anwar A, Saleem S, Malik P, Rasul B, Patel K, et al. 
Artificial intelligence as an emerging technology in the current care 
of neurological disorders. J Neurol. 2021; 268(5):1623-42. 
35. Stavropoulou E, Bezirtzoglou E. Probiotics as a Weapon in the 
Fight Against COVID-19. Front Nutr. 2020; 7:614986. 

36. Daoust L, Pilon G, Marette A. Perspective: Nutritional 
Strategies Targeting the Gut Microbiome to Mitigate COVID-19 
Outcomes. Adv Nutr. 2021; 12(4):1074-86. 
37. Hedayati Ch M, Amani J, Sedighian H, Amin M, Salimian J, 
Halabian R, et al. Isolation of a new ssDNA aptamer against 
staphylococcal enterotoxin B based on CNBr-activated sepharose-
4B affinity chromatography. J Mol Recognit. 2016; 29(9):436-45. 
38. Hedayati Ch M, Abolhassani Targhi A, Shamsi F, Heidari F, 
Salehi Moghadam Z, Mirzaie A, et al. Niosome-encapsulated 
tobramycin reduced antibiotic resistance and enhanced 
antibacterial activity against multidrug-resistant clinical strains of 
Pseudomonas aeruginosa. J Biomed Mater Res A. 2021; 
109(6):966-80. 

 

https://pubmed.ncbi.nlm.nih.gov/24338557/
https://pubmed.ncbi.nlm.nih.gov/24338557/
https://pubmed.ncbi.nlm.nih.gov/24338557/
https://pubmed.ncbi.nlm.nih.gov/24338557/
https://pubmed.ncbi.nlm.nih.gov/31451912/
https://pubmed.ncbi.nlm.nih.gov/31451912/
https://pubmed.ncbi.nlm.nih.gov/31451912/
https://pubmed.ncbi.nlm.nih.gov/33385008/
https://pubmed.ncbi.nlm.nih.gov/33385008/
https://pubmed.ncbi.nlm.nih.gov/33783468/
https://pubmed.ncbi.nlm.nih.gov/33783468/
https://pubmed.ncbi.nlm.nih.gov/33783468/
https://pubmed.ncbi.nlm.nih.gov/27091327/
https://pubmed.ncbi.nlm.nih.gov/27091327/
https://pubmed.ncbi.nlm.nih.gov/27091327/
https://pubmed.ncbi.nlm.nih.gov/27091327/
https://pubmed.ncbi.nlm.nih.gov/32865883/
https://pubmed.ncbi.nlm.nih.gov/32865883/
https://pubmed.ncbi.nlm.nih.gov/32865883/
https://pubmed.ncbi.nlm.nih.gov/32865883/
https://pubmed.ncbi.nlm.nih.gov/32865883/
https://pubmed.ncbi.nlm.nih.gov/32865883/

