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Relevance of the topic:
The SARS-CoV-2 infection has had a significant impact on public health and has prompted a rethinking of many traditional epidemic management strategies. According to the World Health Organization (WHO), by May 2024, over 775 million confirmed cases of COVID-19 have been reported worldwide, resulting in more than 7 million deaths. In Kazakhstan, the WHO recorded 1,411,831 confirmed cases of COVID-19 and 13,848 deaths [1]. Mortality rates remain high, especially among elderly individuals, people with weakened immune systems, and patients with multiple comorbid conditions. The global COVID-19 mortality rate is estimated to be 3.4%, which is higher than previous estimates of around 2% [2].

COVID-19-related mortality is not confined to the acute phase of infection. In recent years, it has become clear that the long-term consequences of having contracted the virus include not only a high mortality rate during the illness but also a significant increase in the risk of death during the post-COVID period. Data from several independent epidemiological studies indicate that individuals who have survived COVID-19 face a much higher risk of death within the following 12 months [3-5].
Early studies showed that the initial period, which included 30-day all-cause mortality and 30-day readmission rates among patients discharged on home oxygen therapy after COVID-19, was 1.3% and 7.5%, respectively [6]. On average, during a 140-day follow-up, almost one-third of those discharged from the hospital after the acute phase of COVID-19 were readmitted (14,060 out of 47,780), and more than 1 in 10 (5,875) died after discharge within six months [7]. Patients who survived the acute phase of COVID-19 were prone to developing dysfunction in various organs and systems, leading to a higher risk of death [8].

The results of a cohort study involving 13,638 patients showed that the adjusted 12-month risk of long-term all-cause mortality was significantly higher among patients hospitalized with COVID-19. These findings are supported by the study conducted by A. Uuskula et al. [9], which demonstrated that, in the long-term period, patients infected with SARS-CoV-2 had more than a threefold increased risk of death within 12 months compared to uninfected individuals. A survival analysis conducted on a prospective cohort of 7,584 patients also revealed that individuals who had recovered from COVID-19 maintained a significantly higher all-cause mortality risk for up to 18 months compared to those who had not been infected [4]. These conclusions were corroborated by a large-scale study involving more than 4 million people who had recovered from COVID-19 in the United States, where a significant reduction in survival rates was observed across all cardiovascular parameters [10].
The course of COVID-19 is characterized by considerable variability in clinical manifestations, ranging from asymptomatic cases to moderate and critical conditions, often resulting in fatal outcomes [11-13]. Since the beginning of the pandemic, numerous studies have focused on developing prognostic models for the effective stratification of patients to slow the progression of severe disease and reduce mortality. The clinical condition of patients with COVID-19 often deteriorates rapidly due to hyperinflammation triggered by a cytokine storm, which can lead to multiple organ damage [14,15].

Given the continuous evolution of COVID-19 variants and the potential emergence of new viruses that may trigger future pandemics, there is a pressing need to develop innovative approaches for predicting disease outcomes. Identifying factors that contribute to worse prognosis and higher mortality risk is a critically important task.

Simple models based solely on clinical variables, despite their widespread use, are limited in their ability to account for the biological changes occurring at the immune system level. In a review conducted by C. Buttia et al. (2022), 314 studies from 40 countries were analyzed, including 152 studies focusing on mortality prediction [16]. The models predicting COVID-19 severity utilized predictors with varying degrees of prognostic effectiveness. However, the analysis revealed that most studies suffer from low methodological rigor and limited generalizability of results. Therefore, the need for an accurate prognostic tool that can quickly identify patients at high risk of mortality and optimize post-COVID monitoring strategies remains. Moreover, the use of biomarkers in such models has been minimally studied, and there are only a few studies available that examine their prognostic role.
It is well-known that severe and critical forms of infection are often associated with an uncontrolled immune response, where the adaptive immune system, regulated by T- and B-lymphocytes, plays a fundamental role [17]. Pathogenetic biomarkers such as endothelin-1, sTREM-1, and sPD-L1 play a crucial role in the development and progression of COVID-19. Endothelin-1, a powerful vasoconstrictor, participates in the regulation of vascular tone and inflammation, which can lead to vascular dysfunction and deterioration of patients' conditions [18]. sTREM-1, an inflammatory marker, enhances the activation of neutrophils and monocytes, which may result in hyperinflammation and tissue damage [19,20]. sPD-L1, an immune-regulatory protein, modulates T-cell activation and may contribute to both the reduction of excessive inflammation and the weakening of antiviral immunity [21].
Currently, the use of these biomarkers for predicting early and long-term mortality is still under active investigation, although they are already showing promising results. Endothelin-1 has been associated with the development of severe complications in the acute phase of COVID-19, but its potential for predicting long-term mortality remains insufficiently studied and requires further research.
The sTREM-1 marker is an indicator of a hyperactive inflammatory response associated with severe forms of COVID-19 and early mortality, making it promising for inclusion in prognostic models. However, its prognostic significance for long-term mortality remains uncertain and requires additional data. 

sPD-L1, a regulator of immune response, is used to assess disease severity and early mortality, though its role in long-term prognosis requires further study. Prediction using immune response and endothelial dysfunction markers, such as sPD-L1, sTREM-1, and endothelin-1, remains underexplored in prognostic models, giving our work novelty and relevance. These markers hold significant potential to enhance the accuracy of prognosis both in the short and long term. Understanding the relationship between immune characteristics, disease severity, and mortality represents a crucial step in combating COVID-19.
Further research is needed to develop individualized approaches to treating COVID-19 patients, considering the wide range of clinical and immune factors. Modern methods of predicting and managing COVID-19 must continuously improve and adapt to new challenges. Prognostic models that use multivariate analysis and include biomarkers are vital for stratifying patients, particularly when tailored to individual forecasts.
Markers such as sPD-L1, sTREM-1, and endothelin-1 have considerable potential to enhance the accuracy of prognostic models. However, their role in predicting disease outcomes remains insufficiently studied, underscoring the relevance and novelty of our approach. Incorporating these biomarkers into clinical models could be a crucial step in improving personalized patient management for COVID-19, facilitating the planning of preventive measures, patient care during the post-COVID-19 period, and reducing mortality risk.
The aim of the study is development of predictive models for early and long-term mortality in post-COVID-19 patients based on multivariate analysis, incorporating biomarkers of immune response and endothelial dysfunction.

To achieve the chosen goal, the following tasks were formulated:
Objective 1. To study the clinical and laboratory parameters and biomarkers (Endothelin-1, sTREM-1, and sPD-L1) of patients depending on the severity of the disease and the clinical outcomes of COVID-19.

Objective 2. Evaluate the prognostic significance of biomarkers to identify patients at risk of early mortality. 

Objective 3. Develop and identify the most effective model for predicting early mortality outcomes, incorporating immune response and endothelial dysfunction biomarkers.

Objective 4. Assess the prognostic significance of biomarkers for identifying patients at risk of long-term mortality.

Objective 5. Develop and determine the most effective model for predicting long-term mortality by incorporating biomarkers.

Scientific novelty
A comprehensive clinical and laboratory characterization of COVID-19, incorporating biomarkers (endothelin-1, sTREM-1, and sPD-L1), has been provided for the first time. Threshold concentrations of these biomarkers have been identified, associated with the development of fatal outcomes in patients with COVID-19 (copyright registration certificate: № 45663 dated 06.05.2024, № 47175 dated 07.06.2024, and № 47177 dated 07.06.2024).
For the first time, integrated models incorporating biomarkers (endothelin-1, sTREM-1, and sPD-L1) have been developed to predict the risk of early fatal outcomes in post-COVID-19 patients (copyright registration certificates: № 45663 dated 06.05.2024 and № 47177 dated 07.06.2024).

Additionally, integrated models incorporating biomarkers (sTREM-1 and sPD-L1) for predicting the risk of long-term mortality in post-COVID-19 patients have been developed for the first time (copyright registration certificate № 47175 dated 07.06.2024).
The main provisions submitted for defense:

1. It has been established that the levels of biomarkers (endothelin-1, sPD-L1, and sTREM-1) were elevated in patients with severe COVID-19 and those who had a fatal outcome (for endothelin-1 p=0.037, for sPD-L1 p=0.0001, for sTREM-1 p=0.0001).

2. It was found that in patients with COVID-19, the level of endothelin-1 was associated with the risk of early mortality (p=0.041); the levels of sTREM-1 and sPD-L1 were predictors of both early (p=0.0001) and long-term fatal outcomes (p=0.0001).

3. Multivariate models for predicting early and long-term fatal outcomes, including immune response markers such as sPD-L1 and sTREM-1, outperform traditional clinical models in mortality prediction. The model with sPD-L1 showed the highest predictive ability and accuracy in the early period (C-index = 0.908), while the model with sTREM-1 demonstrated the best performance indicators in the long-term period (C-index = 0.901).


Practical significance
- The developed prognostic models based on biomarkers enable the identification of patients at risk for early and long-term mortality, providing a basis for a personalized approach during post-COVID-19 monitoring and rehabilitation.

- The risk calculators for early and long-term mortality following COVID-19, based on biomarkers sPD-L1 and sTREM-1, are practical tools for physicians, allowing quick and accurate assessment of adverse outcome probabilities. Using these biomarkers enhances prognostic accuracy, facilitates clinical decision-making, and promotes a personalized treatment approach, making these tools effective in everyday practice (implementation acts from 01.02.2024).

- Studying biomarker levels in patients infected with SARS-CoV-2 may be useful in identifying potential therapeutic targets.
Personal contribution of the author
The author actively participated in the analysis and systematization of literary data. The author was responsible for selecting patients, organizing the collection and logistics of biological materials to the laboratory, and was involved in conducting immunological biomarker studies under the guidance of researchers from the Life Sciences Institute of NJSC "Karaganda Medical University." Additionally, the author created and filled the database of subjects, carried out statistical processing, analysis, and interpretation of the obtained results, and compiled the findings in the form of a dissertation.
Implementation in practice 
There are official documents confirming the implementation of the results of this scientific research into the practical work of the clinic at NJSC "Karaganda Medical University" and the "Regional Clinical Hospital" under the Health Department of Karaganda Region. 
Approbation of the work:
The main findings and results of the dissertation were presented at:

- The International Conference Advanced Technology and Treatment of Diabetes (2023, Germany, Berlin).

- The extended meeting of the Department of Internal Medicine at NJSC "Medical University of Karaganda" on June 27, 2024.
Publications:
Based on the dissertation materials, 3 articles were published in journals indexed in the Scopus database: publications in international journals that are ranked in Q2 of the Scopus database (percentiles 57%, 65%, and 74%), 1 abstract in the proceedings of an international conference (published in a journal ranked in Q1 of the Scopus database at the time of publication—90%), and 2 articles in journals recommended by the Committee for Quality Assurance in Education and Science of the Republic of Kazakhstan.
Structure and scope of the dissertation:
This dissertation research is presented in 94 pages of typed text and consists of the following sections: introduction, literature review, results of original research, discussions, and conclusions. The bibliography contains 158 literary sources in Russian and English. The dissertation includes 21 figures, 15 tables, and is supplemented with 5 appendices.
Materials and methods of research:
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Figure 1 - Study Design
This prospective cohort study was conducted from May to August 2021. The recruitment of patients took place at the following sites:

· The Professional Health Clinic of the Karaganda Medical University.

· The Municipal State Enterprise "Regional Clinical Hospital" of the Karaganda Health Department.

The control group consisted of healthy volunteers, who were recruited through public information channels. The inclusion criteria for the volunteer group were: a negative COVID-19 PCR test, no documented history of COVID-19 infection, no elevated antibody titer against COVID-19 by ELISA, and signing of informed consent. The control group included 35 individuals, recruited as a reference group.

Sample Size Calculation

The sample size for our study was calculated using the formula proposed by Riley R.D. for prospective studies [22]:
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The following parameters were used: the R-squared (Cox-Snell) value at 0.2, the total number of predictors in the model (P) is 6, the event rate in the study population is 0.1%, and the model accuracy (S) is 0.9. As a result of the calculation, the minimum required sample size was determined to be 250 observations.

Inclusion Criteria:

· Age 18+ years

· PCR-confirmed coronavirus infection
Exclusion Criteria:
· Patients with HIV

· Patients with tuberculosis

· Pregnancy and lactation

· Patients who received immunoglobulin therapy in the last 3 months

· Patients who received high-dose corticosteroid therapy before hospitalization
· Patients with cancer
· Patients with immunodeficiency conditions (primary immunodeficiencies, secondary immunodeficiencies due to severe infections, complicated inflammatory/purulent diseases, extensive burns, severe trauma, and surgical interventions within the past 6 months)

Refusal of the patient or their legal representative to participate in the study.
Data Collection

Upon admission, patients' complete set of complaints, socio-demographic data, comorbidities, and prior drug therapy were collected. Clinical manifestations were assessed, including body mass index (BMI), heart rate (HR), and oxygen saturation levels.
Considering the existing comorbidities, we calculated an age-adjusted Charlson Comorbidity Index: 0-1 points as low, 2-3 points as moderate, and >4 points as high [23]. Clinical data were monitored throughout the entire inpatient observation period. The study included only patients with lung tissue involvement. To determine the severity of COVID-pneumonia for mortality prediction, we used chest CT scan data (% damage). This method is easily accessible and provides a straightforward way to assess lung tissue damage.
To assess clinical severity, COVID-19 patients were classified according to WHO criteria based on disease severity [24]. For analysis, patients were divided into two groups: the first group included patients with moderate severity, while patients with severe and critical conditions made up the second group. All laboratory tests (complete blood count, biochemical tests, plasma D-dimer concentrations) were collected on the day of plasma sample collection. Laboratory and instrumental data extraction, stay in the intensive care unit (ICU), mechanical ventilation support, and cause of death were obtained from electronic medical records. The NLR index was calculated using the formula: NLR = Absolute Neutrophil Count (ANC) / Absolute Lymphocyte Count (ALC).
After discharge, we monitored patients who had been discharged, and further dynamic follow-up was conducted in specialized rooms at the Clinic of Occupational Health, part of the Karaganda Medical University, based on clinical examinations, patient interviews, analysis of electronic health records, and entries in medical information systems, where all cases of patient visits and/or deaths were recorded. The total observation duration was 365 days from hospital admission: the first checkpoint was 30 days after hospitalization to assess early mortality, and then surviving patients were followed for an additional 11 months to document long-term mortality (second checkpoint). Patients who were still alive 365 days after hospitalization with COVID-19 were classified as survivors. All-cause and cause-specific mortality, considering etiology and the date of death, were taken as the final endpoint.
All COVID-19 patients received treatment according to the diagnosis and treatment protocol of the Ministry of Health of the Republic of Kazakhstan, "Coronavirus Infection COVID-19 in Adults (1st edition - April 1, 2021)."

Ethical Aspects and Informed Consent

The study was approved by the Bioethics Committee of Karaganda Medical University (the organization name at the time of approval was "Karaganda Medical University") on 14.04.2021, No. 18, and was conducted in accordance with the ethical principles of the Helsinki Declaration. All analyzed data were evaluated as part of routine clinical care during hospitalization.
Laboratory Methods
The presence of SARS-CoV-2 infection was determined using a real-time reverse transcription polymerase chain reaction (RT-PCR) method from nasopharyngeal swabs or lower respiratory tract samples, following WHO recommendations, immediately upon hospital admission. A complete blood count was performed on a Mindray hematology analyzer. The NLR was calculated using the formula: absolute neutrophil count divided by absolute lymphocyte count.
Blood samples were collected on the first day after hospital admission via venipuncture into two vacuum collection tubes containing EDTA anticoagulant, each with a capacity of 5 ml. Venous blood collection was performed by a certified nurse. During sample preparation, venous blood with EDTA was centrifuged at 4,000 rpm for 15 minutes. Serum aliquots were stored in a freezer at -80°C and transferred for storage to the Shared Research Laboratory of Karaganda Medical University for subsequent immunological analysis.
Enzyme-Linked Immunosorbent Assay (ELISA)
Analytes were determined using a solid-phase chromogenic enzyme-linked immunosorbent assay (ELISA) with commercial reagents according to the manufacturer's instructions. The work utilized the automatic robotic ELISA station Evolis (Bio-Rad) and integrated software for result analysis.

Methods of Statistical Analysis
The statistical processing of the study data was performed using SPSS version 27.0 and the R programming language version 4.4.0. Data are presented in graphs using GraphPad PrismTM software (version 7). Normality of distribution was assessed using the Kolmogorov-Smirnov test. Quantitative data, given the non-normal distribution, are presented as the median (Me) and interquartile range. Qualitative features are described using percentage shares. Considering the non-parametric data distribution, comparative analysis of quantitative data between groups was performed using the Mann-Whitney test, and for qualitative data, Pearson's χ2 test was used. Discrimination of biomarkers was assessed using ROC analysis. Predictor accuracy was determined by the area under the curve (AUC), and AUC with a 95% confidence interval was calculated to assess the diagnostic significance of endothelin-1, sPD-L1, sTREM-1, and NLR. ROC analysis was used to determine the optimal classification threshold (cutoff point), corresponding to the point on the ROC curve with the highest sensitivity and the lowest false-positive rate. This point on the curve was determined using the Youden index.
Univariate and multivariate Cox regression analysis was used to evaluate factors associated with mortality development within 30 and 365 days from hospital admission. The outcome variable had two categories: "1" - death, "0" - patient alive. Confounders for building an adjusted Cox regression model were statistically significant parameters from univariate Cox regression. Models were compared using the following criteria: Likelihood Ratio Test (LRT), Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC). The discriminative ability of the model was measured using the concordance index (C-index). Time-dependent ROC analysis curves were used for visual comparison and evaluation of the model's predictive capability.


For initial performance assessment of the models, 5-fold cross-validation was used. In this procedure, the data were randomly divided into five equal subsamples. The model was trained on four subsamples and tested on the remaining one. This process was repeated five times, with each subsample used for testing once. The average values of the metrics obtained from these five repetitions were used for preliminary evaluation of the model's accuracy. For accuracy evaluation of model predictions on each subsample, the concordance index (C-index) was used. After the initial performance assessment of the model using 5-fold cross-validation, an additional evaluation was performed on an independent test sample. The data were randomly divided into training and test sets in a 70:30 ratio. This division ensured an even distribution of the target variable in both samples. Training set: 70% of the total data was used to train the model; test set: 30% of the total data was used to check the model's accuracy. To assess the accuracy of model predictions on the test sample, the Brier score was used. Brier score values range from 0 to 1, where 0 indicates perfect predictions, and 1 represents maximally incorrect ones. Brier score values were obtained for the test sample to assess the accuracy and reliability of the model for survival prediction.
Based on the predicted risks, online survival probability calculators were developed. The calculator allows users to input the key variables for a particular patient and obtain a predicted survival probability based on the model. Statistical test differences were considered significant if the p-values were <0.05.
Conclusions:
1. A comparative analysis of clinical-laboratory parameters based on disease severity showed that, along with factors such as age, comorbidity index, percentage of lung tissue damage, elevated levels of CRP, ferritin, D-dimer, and interleukin-6, the levels of NLR (Me 3.28 (2.34-4.81), p=0.0001), endothelin-1 (Me 145.4 (48.7-212.3), p=0.037), sPD-L1 (Me 258.8 (172.7-322.0), p=0.0001), and sTREM-1 (Me 65.8 (48.0-94.4), p=0.0001) were significantly higher in severe cases of COVID-19 compared to moderate severity.

2. Compared to survivors, the levels of NLR (p=0.004 and p=0.015), sPD-L1 (p=0.0001), and sTREM-1 (p=0.002 and p=0.0001) were significantly higher in patients with fatal outcomes in both early and late periods, while endothelin-1 was significantly higher in the group with fatal outcomes in the early period (p=0.0001). Patients with fatal outcomes were older, had higher comorbidity indices, respiratory rates, and elevated laboratory indicators (white blood cells, ESR, D-dimer).

3. Prognostically significant parameters for early mortality were identified: endothelin-1 (p=0.041), sPD-L1 (p=0.0001), sTREM-1 (p=0.0001), NLR (p=0.0001), age (p=0.0001), comorbidity index (p=0.0001), presence of chronic heart failure (p=0.008), history of myocardial infarction (p=0.0001), lung tissue damage percentage (p=0.003), white blood cells (p=0.019), CRP (p=0.006), ferritin (p=0.001), and D-dimer (p=0.004). The risk of early mortality increased with endothelin-1 levels above 153.03 pg/ml (p=0.001), sPD-L1 above 284.04 pg/ml (p=0.0001), sTREM-1 above 113.13 pg/ml (p=0.002), and NLR above 2.47 (p=0.004).

4. Models for predicting early mortality based on clinical-laboratory parameters were developed (Model 1; C-index = 0.818), and the inclusion of endothelin-1 (Model 2; C-index = 0.880), sTREM-1 (Model 4; C-index = 0.863), and sPD-L1 (Model 3; C-index = 0.908) improved the prognostic value of Model 1. Model 3 is the most effective for predicting early mortality (AIC = 199.07, BIC = 205.62, C-index = 0.908).

5. Prognostically significant parameters for late mortality were identified: NLR (p=0.031), D-dimer (p=0.005), sPD-L1 (p=0.0001), sTREM-1 (p=0.0001), age (p=0.002), comorbidity index (p=0.044), and white blood cells (p=0.0001). The risk of developing late fatal outcomes increased with sPD-L1 levels above 259.88 pg/ml (p=0.0001), sTREM-1 concentrations above 112.89 pg/ml (p=0.0001), and NLR above 2.7 (p=0.015).

6. Models for predicting late mortality based on clinical-laboratory parameters were developed (Model A, C-index = 0.748), and the inclusion of sPD-L1 (Model B, C-index = 0.877) and sTREM-1 (Model C, C-index = 0.901) improved the prognostic value of Model A. Model C is the most effective for predicting late mortality (AIC = 167.14, BIC = 170.47, C-index = 0.901).
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