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Background: Since the outbreak of COVID-19 pandemic the interindividual variability in the course of the disease has been reported, indicating a wide range of factors influencing it. Factors which were the most often associated with increased COVID-19 severity include higher age, obesity and diabetes. The influence of cytokine storm is complex, reflecting the complexity of the immunological processes triggered by SARS-CoV-2 infection. A modern challenge such as a worldwide pandemic requires modern solutions, which in this case is harnessing the machine learning for the purpose of analysing the differences in the clinical properties of the populations affected by the disease, followed by grading its significance, consequently leading to creation of tool applicable for assessing the individual risk of SARS-CoV-2 infection.

Methods: Biochemical and morphological parameters values of 5,000 patients (Curisin Healthcare (India) were gathered and used for calculation of eGFR, SII index and N/L ratio. Spearman’s rank correlation coefficient formula was used for assessment of correlations between each of the features in the population and the presence of the SARS-CoV-2 infection. Feature importance was evaluated by fitting a Random Forest machine learning model to the data and examining their predictive value. Its accuracy was measured as the F1 Score.

Results: The parameters which showed the highest correlation coefficient were age, random serum glucose, serum urea, gender and serum cholesterol, whereas the highest inverse correlation coefficient was assessed for alanine transaminase, red blood cells count and serum creatinine. The accuracy of created model for differentiating positive from negative SARS-CoV-2 cases was 97%. Features of highest importance were age, alanine transaminase, random serum glucose and red blood cells count.

Conclusion: The current analysis indicates a number of parameters available for a routine screening in clinical setting. It also presents a tool created on the basis of these parameters, useful for assessing the individual risk of developing COVID-19 in patients. The limitation of the study is the demographic specificity of the studied population, which might restrict its general applicability.
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INTRODUCTION

The severe acute respiratory syndrome coronavirus type 2 (SARS-CoV-2) that causes the coronavirus disease 2019 (COVID-19) is a serious threat to human health and life. Due to the ease of spread and mutation of the virus, the World Health Organization (WHO) has declared COVID-19 a pandemic. Viral infection may be asymptomatic or symptomatic with varying degrees of severity. In some cases, SARS-CoV-2 infection leads to death of the patient (1).

The course of the SARS-CoV-2 infection may be influenced by several factors, including the presence of comorbidities in patients. Comorbidities, such as type 2 diabetes, affect the host immune response, which may be associated with a severe course of SARS-CoV-2 infection. In the context of type 2 diabetes, there is an increased release of pro-inflammatory cytokines, which can lead to cytokine storms in SARS-CoV-2 (+) patients. The occurrence of a cytokine storm correlates with a worse course of infection (1–4). Moreover, some changes in blood parameters have been observed in patients with SARS-CoV-2 (+), which may additionally affect the severity of the infection. Changes for example in the values of liver and kidney parameters, morphology and inflammatory markers in SARS-CoV-2 (+) patients may indicate a complex mechanism of infection and its long-term consequences (5).

Considering the wide disparity in the course of SARS-CoV-2 infection in patients and the need to define an effective therapy, the primary aim of our study was to define the physiological characteristics in patients infected with the SARS-CoV-2 virus, while presenting with concomitant diseases. The secondary aim of our study was to elucidate the underlying mechanisms that influence multiorgan dysfunction in COVD-19 infection. The contributing physiological parameters were ranked in terms of their relevance to the power of predictive model using machine learning.



MATERIALS AND METHODS


Dataset

The analysed dataset consisted of blood test results from 5,000 patients from a digital healthcare system Curisin Healthcare (India). Two thousand five hundred of them were from patients (female, n = 1667; 67% and male, n = 833; 33%, age 25 – 78 years, mean = 51.6 years, median = 51.0 years) hospitalised due to infection with severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2); the other two thousand and five hundred blood test results belonged to the control group (female, n = 755; 30%, male, n = 1,745; 70%; age 20 – 55, mean = 30.5 years, median = 30.0 years) and were collected before the coronavirus pandemic outbreak (2016-2018).

In blood biomarkers and parameters were excluded ones that are known to correlate with inflammatory responses such as C-reactive protein (CRP). Biomarkers that were not present in both datasets were also ruled out. The resulting set of data features enrolled in this study consisted of anthropometric parameters: age, gender; biochemical serum parameters: random glucose (RG), urea, alanine transaminase (ALT), cholesterol, creatinine, vitamin D; morphological parameters: red blood cell count (RBC Count); and functional parameters: estimated glomerular filtration rate (eGFR).

Glomerular filtration rate was not directly measured in the blood samples, instead the eGFR score was estimated using patient’s age, gender and serum creatinine level according to the simplified modification of diet in renal disease (MDRD) formula, described by the National Kidney Foundation (6), listed in Equation 1. below.

Equation 1. GFR definition.
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C, creatinine; A, age; G, gender.

The reference ranges for the analysed parameters are listed below in Table 1.


TABLE 1. Reference ranges of the analysed parameters.
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Correlations

The correlations between each of the features in the population and the presence of the SARS-CoV-2 infection were calculated using Spearman’s method (see Equation 3).

Equation 2. Pearson’s correlation.
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[image: image], mean of X; [image: image], mean of Y; σx, standard deviation of X; σy, standard deviation of Y.

Equation 3. Spearman’s correlation.
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ρ, Pearson’s correlation (Equation 2) applied to rank variables; cov (R(X), R(Y)), covariance of rank variables; σR(X), standard deviation of rank variable of X; σ(R(Y), standard deviation of rank variable of Y.



Feature Importance

To discover how each feature affects the possibility of severe SARS-CoV-2 infection, the importance of each feature was evaluated by fitting a Random Forest (7) machine learning model to the data and examining which features had the highest predictive value. The accuracy measure of the predictive model was the F1 Score as defined by Equation 4. Results of this analysis were presented graphically in section “Results” in Figure 2.
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FIGURE 1. Patients’ vitamin D status in: (A) SARS-CoV-2 (–) group; (B) SARS-CoV-2 (+) group.
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FIGURE 2. Feature importance of each parameter assessed for the predictive model.


Equation 4. F1 Score measuring the accuracy of the predictive model.
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tp, number of true positives; fp, number of false positives; fn, number of false negatives.



Vitamin D in Relation to NL Ratio and SII

Additional analysis of the possible correlation between the concentration of vitamin D in SARS-CoV-2 (+) patients and the values of parameters such as Neutrophil-Lymphocyte Ratio (NL Ratio) and Systemic immune-inflammation index (SII) was conducted in our study. For the purpose of the analysis the patients were divided into tertiles in terms of Vitamin D level: I tertial (I T): Vit D (1.11 - 9.40], II tertial (II T): Vit D (9.40 - 17.69], III tertial (III T): Vit D (17.69 - 25.97]; followed by assessment of the NL Ratio values and of the systemic immune inflammation index, which was calculated as defined in Equation 5.

Equation 5. Calculation of systemic immune inflammation index.
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P, N, and L represent platelet, neutrophil and lymphocyte counts in cells/L.




RESULTS

Results of biochemical examinations performed on the material collected from both SARS-CoV-2 (+) and SARS-CoV-2 (−) groups are presented below in Table 2. as the number of patients with results falling into the respective groups created in relation to the reference range (below, above or in reference range).


TABLE 2. Patients’ outcomes in SARS-CoV-2 (–) (n = 2,500) and SARS-CoV-2 (+) group (n = 2,500).
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The percentage of patients in each reference-range-related group in terms of serum vitamin D levels is presented in form of a circle chart for both infection-related groups of patients in Figure 1.

To allow a more profound insight into the distribution of parameters values, the number of patients in relation to the exact values of parameters are presented as the histograms for each respective parameter in the Supplementary Materials in Supplementary Figure 1.

The correlations between the studied parameters and SARS-CoV-2 infection in patients were calculated as described in Section “Materials and Methods.” It must be noted that due to simultaneous influences of each parameter, none of them may offer sufficient reliability in terms of prediction of SARS-CoV-2 infection. Results of correlations analysis are listed below in Table 3.


TABLE 3. Correlations between features and SARS-CoV-2 features.

[image: Table 3]
To further examine the influence of respective features on infection severity in relation to the complexity of simultaneous influences of studied features, the predictive model was created as described in Section “Feature Importance” and presented below in Figure 2. The model itself was a successful one, with an accuracy of 97% in differentiating positive from negative cases of SARS-CoV-2 infection.

The results of analysis of NL Ratio values structure in relation to the vitamin D levels are presented, respectively, below in Table 4 and Figure 3, whereas relation between SII and vitamin D levels in patients is summarised in Table 5.


TABLE 4. Quantities of patients divided according to the Vitamin D levels in terms of NL Ratio.
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FIGURE 3. Quantities of patients in buckets of NL Ratio values, grouped according to their Vitamin D status: (A) I T (1.11 – 9.40]; (B) II T (9.40 – 17.69]; (C) III T (17.69 – 25.97].



TABLE 5. The number of patients divided according to the Vitamin D levels in terms of SII.
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DISCUSSION

The collected data indicate that the course of SARS-CoV-2 infection may depend on numerous factors. In the present study, the influence of gender, age and changes in blood parameters values of Indian patients were addressed and examined.


Age

A strong correlation between age and severe course of SARS-CoV-2 (0.671007) was observed, which suggests that the risk of developing severe SARS-CoV-2 increases with age. This observation was already reported in the early meta-analyses concerning risk factors for mortality in the course of COVID-19 infection (8). A similar association was also found in study (9) conducted on a group of patients from the New York City metropolitan area and in another study involving data from two Wuhan hospitals – results of these studies showed that age correlates with the need for hospitalization and severity of SARS-CoV-2 infection (10). This dependence is determined by several factors that characterize the ageing process - the percentage of diagnosed comorbidities in those patients, i.e., diabetes and cardiovascular diseases, increases with age. Ageing is also naturally associated with the decreasing functioning of the immune system, which in turn leads to changes in adaptive and innate immunity (11, 12).



Gender

In the presented analysis of the influence of the patient’s gender during SARS-CoV-2, a significant correlation between adverse prognosis and female gender was observed, contrary to the results of a previous report (13) that reported higher mortality among men (8). The differences in the course of SARS-CoV-2 infection among women and men may result from the influence of social and biological factors in the latter, e.g., higher expression of angiotensin-converting enzyme 2 (ACE2) found in male patients, which may facilitate entry of the virus into the host cell (14, 15). Due to the global spread of the COVID-19, the differences in societies-specific characteristics in terms of gender may additionally hinder the analysis of this factor. As case fatality ratio for males is higher in COVID-19 than for females in global data analysis, it is worthy further research (16).

The distribution of NL Ratio values in patients grouped according to their SII index (high: SII < 410/low: SII ≥ 410) is presented below in Figure 4.


[image: image]

FIGURE 4. NL Ratio values structure in the studied population. The patients were grouped according to the SII index: (A) Low SII; (B) High SII.




Biochemical Parameters


Random Blood Glucose

The results of RG examination in recruited patients indicate that hyperglycaemia correlates with a severe course of SARS-CoV-2. This finding was already reported in an Italian study (17). The random blood sugar level was elevated in over 30% of patients in the control group and over 86% of patients in the SARS-CoV-2 (+) group. Another study also reported that 51.5 and 57.4% of severely and critically ill patients were diagnosed with diabetes (18). High glucose concentration directly impacts the course of the infection, and also through the development of further complications, such as diabetic ketoacidosis and vascular comorbidities (atherosclerosis, peripheral arteriosclerosis) it influences this process indirectly (19).



Vitamin D

The association of vitamin D concentrations and the course of SARS-CoV-2 was assessed due to the high importance of Vitamin D in the activation of immune defence. Vitamin D status was below the reference range threshold in almost all patients in the control group and all SARS-CoV-2 (+) group patients (see Figure 1). This could be a possible explanation for a relatively low correlation parameter between SARS-CoV-2 infection and Vitamin D in the presented results. Other studies have shown that groups of patients with severe course of SARS-CoV-2, requiring hospitalization in the ICU and showing higher mortality, have decreased serum concentrations of Vitamin D (20, 21).

There is a significant influence of changes in both blood sugar and Vitamin D status in the immune system (22, 23). Insulin resistance and type 2 diabetes mellitus are two conditions associated with a pro-inflammatory status. Consequently, elevated systemic concentrations of inflammatory markers, including cytokines, are observed in the blood, which in turn correlates with a higher probability of a cytokine storm (2, 4). Also, normal concentrations of vitamin D reduce the risk of a cytokine storm by reducing the systemic concentration of pro-inflammatory cytokines such as IL-6 and TNF-α. The significantly higher concentration of pro-inflammatory cytokines in circulation correlates with the severe course of SARS-CoV-2 (24, 25). Nonetheless, results similar to the presented data in terms of differences in vitamin D status between COVID-19 patients and population-based controls were reported, suggesting that despite the proven potential causality in interactions of vitamin D levels and COVID-19 pathogenesis, the alterations of vitamin D status do not influence the severity of disease course (26). On the other hand, there are some meta-analyses showing that vitamin D supplementation in SARS-CoV-2 positive patients has the potential to positive impact their outcomes (27).

NL Ratio is regarded as a prognostic marker of systemic inflammation. It is an important element in the diagnosis of SARS-CoV-2(+) patients. Some studies indicate that its value correlates with the severe course of the disease and mortality (28). Apart from the assessment of inflammation, the NL Ratio is also used to analyse the course of other diseases, including cardiovascular diseases and cancer. Due to its numerous benefits, this parameter is assessed more frequently during SARS-CoV-2, compared to other inflammatory parameters. Its value can be assessed on the basis of one of the basic tests, i.e., morphology, taking into account the values of relative neutrophils and lymphocytes count. NL Ratio is characterized by a higher specificity and sensitivity compared to blood cell count. Moreover, its value increases faster, which is useful in the early assessment of the patient’s condition. Other studies shows that a higher value of NL Ratio correlates with a more severe course of SARS-CoV-2. It has been shown that higher NL Ratio values occur in people with a significant amount of comorbidities (29–31). In this study it was shown that among the tertiles of Vitamin D values, the biggest number of patients with SARS-CoV-2 (+) had an NL Ratio value of 1.0-1.5.

SII is another important predictive marker in SARS-CoV-2 (+) patients. It is used to assess the prognosis in people diagnosed with pulmonary embolism, obesity, sepsis, cancer and diseases accompanied by inflammation (32–36)., SII has been used as an indicator of severe course of SARS-CoV-2 (37, 38). In our study, each of the tertiles of vitamin D was correlated with SII high value (SII High: ≥ 410). In each of the tertiles of vitamin D, we included the division into low and high SII values. Our results showed that patients with high SII values predominated in each tertiles (SII High: ≥ 410).

Another analysis concerned the correlation between the SII and NL Ratio values. The highest percentage of patients (n = 675) in the SII-Low value group had an NL Ratio of 1.0 - 1.5. However, in the SII High group, the distribution of patients according to the NL Ratio value was as follows: the largest number of patients are in the NL Ratio ranges: 1.0 - 1.5 (n = 483) and 1.5 - 2.0 (n = 451). In SII-High values, the distribution of patients on NL Ratio values was more diverse.

Our results indicate that SII can be a reliable biomarker that is easily tested than those based on cytokines or coagulation system markers (39, 40).



Cholesterol

Our data confirmed the association between elevated cholesterol levels and the severity of course of SARS-CoV-2 infection. A study of a cohort of 3,988 critically ill Italian patients demonstrated that hypercholesterolaemia may be classified as a risk factor for increased mortality in patients SARS-CoV-2(+) admitted to the ICU (41). This observation may be associated with an increased risk of developing cardiovascular diseases in patients with hypercholesterolaemia, as well as with its influence on one of the components of lung surfactant, which is an important protection in the respiratory system (42–45).




Morphologic Parameters

In an examination of blood morphology, a focus was put on the basic parameters, such as the number of RBC count, due to their accessibility in common clinical practice. The present results show that a low RBC count correlates in studied groups with a higher percentage of hospitalized patients and with a more severe course of infection. This observation may be related to the numerous important functions performed by RBC in the human body. Similar results were presented in a study performed in hospitals in Dhaka, Bangladesh, which indicated the likely impact of a reduction in red blood cell counts on the severity of SARS-CoV-2. The patients in the quoted study, who had a worse prognosis, were found to be present with decreased RBC count. This report also suggests a relationship between the number of RBCs and the concentration of haemoglobin (46). Nonetheless, the impact of changes in RBC Count over the course of SARS-CoV-2 infection requires more research.



Renal and Hepatic Parameters

In the population of the present study, the patients hospitalized for SARS-CoV-2 were presented with changes in renal parameters such as serum urea, creatinine and GFR. The analysis discovered an increase in the level of serum urea and a decrease in the concentration of creatinine, which consequently influenced the GFR values. The strongest correlation among these parameters was observed for serum urea (0.555459). A study by Hachim et al. (47) showed that elevated urea levels correlated with a higher probability of patient admission to the ICU and a more severe course of the infection. Increased creatinine levels were also observed in this group of patients. The results presented by Chen et al. (13) agree with the assumption that patients developing kidney disorders during SARS-CoV-2 (+) are more likely to develop more severe complications in the course of the disease. Higher levels of both blood urea nitrogen and creatinine were described in patients who died of SARS-CoV-2 than in the recovered ones.

The impact of liver disease on the course of SARS-CoV-2 infection was also a scope of the presented study. The liver is an important organ for maintaining the homeostasis of the organism, therefore the disturbance of its function correlates with the occurrence of complications (48, 49). For this purpose, the changes in the level of standard liver marker ALT were examined among the studied groups. The analysis of the collected data shows that a decreased level of ALT is observed among the SARS-CoV-2 (+), contrary to results of a study performed by Chen et al. (13), which showed an increased concentration of this liver parameter in the deceased. The median (IQR) value in this study was for dead patients: ≤ 41 U/L: 23.0 (15.0-38.0); and for the recovered: > 41 U/L: 60.

Two crucial results differentiating the present study from others relate to our findings on the concentrations of ALT and creatinine. To reconcile those contradictory findings, the percentage of patients in study groups, both present and previous, with co-existing liver disease before developing SARS-CoV-2 needs to be determined. Another possible reason for such results could be the characteristic of the groups in terms of SARS-CoV-2 severity at the moment of taking blood tests. Patients enrolled in the Chen et al. (13) study were described as moderate to critically ill. 41.2% of the laboratory results presented in their study came from patients who eventually died, which could strongly influence the results. The present study recruited hospitalized patients, though the more detailed information on their clinical condition, exact severity of the disease and medical history concerning chronic diseases are lacking. Further research is required to assess the influence of liver and kidneys’ function on the severity of the COVID19. Therefore, whether acute liver disease and acute kidney injury during the course of SARS-CoV-2 could be developed at the more advanced and severe stadium as well as whether the potential distinction in ALT and creatinine outcomes in both studies could be influenced by the presence of chronic liver diseases before the studies remain unknown.



Predictive Model

Mathematical models are valuable tools for the prevention and control of infectious diseases, including SARS-CoV-2. Thanks to them, it is possible to determine the relationship between various processes and to assess the dynamics of the disease spread. It also helps to establish a vaccination strategy. For this reason, during the SARS-CoV-2 pandemic, many researchers have proposed numerous mathematical models based on various correlations. The mathematical models took into account, inter alia, the method of transmission, the impact of quarantine and isolation, pharmaceutical and non-pharmaceutical interventions (50, 51). Most of the models developed during the SARS-CoV-2 pandemic were based on the Susceptible-infected-recovered (SIR) model and the Susceptible-Exposed-Infected-Removed (SEIR) model. These models are used to assess the spread of the virus (52). Researchers introduced numerous modifications to the classic SIR model due to the dynamics of SARS-CoV-2 spreading. Cooper et al. (53) adapted the SIR model to the increasing over time number of susceptible individuals. In the Susceptible-Exposed-Infected-Removed model, each person can be assigned to the following category susceptible (S), exposed (E), infected (I) and recovered/removed (R) at any time during the epidemic. The researchers also made modifications to the SEIR model. One of them concerns the impact of human migration on the spread of the virus (54). Other modifications include assessing the impact of using face masks (55).

The biochemical parameters were studied in terms of disease prediction and triage already in previous coronavirus outbreak – Middle East respiratory syndrome coronavirus (MERS-CoV). The results showed that the routine parameters may turn out to be useful in clinical decision making (56). Similarly, the basic blood biomarkers were a focus of research in early stages of COVID-19 pandemic, though the reports indicated a rather moderate efficiency of these parameters in differentiating infected patients from healthy ones (57, 58). More optimistic results concerned the estimation of mortality risk (59).

The recent advances in bioinformatics enable creation of complex models, which based on the patient’s data assess the risk of infection or severity of potentially acquired disease. By harnessing the power of machine learning and artificial intelligence, it is possible to offer an alternative to standard biochemical diagnostic tools, such as reverse transcription-polymerase chain reaction (RT-PCR) assays, which in some parts of the world remain expensive and difficult to obtain (60). It may also be useful in analysing a dynamic of current clinical state of patients, and on this basis nowcasting the further disease development (61).

Analysis of feature importance in the current study returned a valuable insight into the potential of studied parameters in terms of assessing the patient’s risk of SARS-CoV-2 infection severity, providing a satisfying prediction accuracy of 97%. The main features of the predictive model created in this study were basic parameters obtained during the regular blood test – RBC count, serum glucose, serum urea, as well as the anthropometric measure – age. These results expand the spectrum of features useful in the COVID-19 prediction, as the previous study harnessed the methods of deep learning and the Random Forest machine learning model reported the efficacy of other parameters: lactate, the absolute level of immature granulocytes, respiratory rate, haemoglobin, procalcitonin, hematocrite (62). The only matching parameter between this and previous studies was serum urea, which in both studies was recognized as an important factor. A model presented in mentioned above study showed lower precision (current study: 0.98 vs. Aktar et al.: 0.90) and recall (0.97 vs. 0.90), F1 score (0.98 vs. 0.90) accuracy (0.97 vs. 0.89) and AUC (0.99 vs. 0.89). Another earlier report also differed in terms of included biomarkers, as despite the similarities concerning included blood count parameters, the biochemical parameters set was different for previous and current study. Interestingly, in the cited study the blood count parameters such as neutrophil, basophil and eosinophil count had similar feature importance as age, which in the current study showed the highest importance. The most important features were lactate dehydrogenase and C-reactive protein, which were not included in the current study (63). It must be noted, however, that this study was conducted on smaller population (2,500 patients in current study vs. 1,455 cases in Goodman-Meza et al.) and led to creation of model characterised by lower AUC value (0.99 vs. 0.91) and area under precision recall curve (1.00 vs. 0.76). The above studies were all based on the biochemical parameters, nonetheless the created models could be enhanced by including an analysis X-ray or computer tomography images, as suggested by the previous reports (64, 65). Further research in this matter is necessary.

As shown with above results, the machine learning may be a key for assessing the SARS-CoV-2 infection risk without the necessity of applying the standard diagnostic measures. Other studies explored also the possibilities of estimating a mortality risk (66–68), as well as the severity of the COVID-19 course (69) based on the simple biochemical parameters. The cardiovascular component of COVID-19 may also be evaluated using machine learning models (70).




LIMITATIONS

The difference in our analysis compared to other studies may be associated with a disproportionate number of women compared with men with SARS-CoV-2 who were enrolled in this study. The higher number of women may influence the observation that the female gender correlates with a more severe course of infection. The demographic variables of the studied population may also be a factor causing differences in the results regarding some of the parameters. Moreover, the analysed data is limited to the residents of India, which may also affect the obtained results. The influence of additional factors on the obtained results should also be taken into account.

The differences in presented ALT and creatinine levels compared to other studies may stem from the analysis of the different demographic groups included in the study. The influence of inter-individual variability, the treatment regimens used and the stage of the disease at which patients were admitted should also be taken into consideration.

Further research is necessary to adequately respond to the influence of limitations on the results and to evaluate the observations of the present study.



CONCLUSION

Assessment of the impact of pre-existing comorbidities and changes in the biochemical and morphological parameters observed in SARS-CoV-2 patients in the course of the disease may contribute to a better understanding of the influence of each of these individual factors on the pathology. Therefore, it could consequently affect the selection of appropriate therapy and the reduction of possible complications. Presented results indicate the importance of adequate vitamin D supplementation and maintaining the physiological functions of the liver and kidneys for reducing the risk of severe COVID-19 course. Standard serum parameters, such as red blood cell count, serum glucose, urea, ALT, cholesterol and creatinine, are efficient in predicting the patient’s condition in terms of SARS-CoV-2 infection.
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