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Subtle changes on electrocardiogram in severe patients with COVID-19 may be predictors of treatment outcome
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Background: Two years after the COVID-19 pandemic, it became known that one of the complications of this disease is myocardial injury. Electrocardiography (ECG) and cardiac biomarkers play a vital role in the early detection of cardiovascular complications and risk stratification. The study aimed to investigate the value of a new electrocardiographic metric for detecting minor myocardial injury in patients during COVID-19 treatment.

Methods: The study was conducted in 2021. A group of 26 patients with verified COVID-19 diagnosis admitted to the intensive care unit for infectious diseases was examined. The severity of a patient’s condition was calculated using the NEWS score. The digital ECGs were repeatedly recorded (at the beginning and 2–4 times during the treatment). A total of 240 primary and composite ECG parameters were analyzed for each electrocardiogram. Among these patients, 6 patients died during treatment. Cluster analysis was used to identify subgroups of patients that differed significantly in terms of disease severity (NEWS), SрО2 and integral ECG index (an indicator of the state of the cardiovascular system).

Results: Using analysis of variance (ANOVA repeated measures), a statistical assessment of changes of indicators in subgroups at the end of treatment was given. These subgroup differences persisted at the end of the treatment. To identify potential predictors of mortality, critical clinical and ECG parameters of surviving (S) and non-surviving patients (D) were compared using parametric and non-parametric statistical tests. A decision tree model to classify survival in patients with COVID-19 was constructed based on partial ECG parameters and NEWS score.

Conclusion: A comparison of potential mortality predictors showed no significant differences in vital signs between survivors and non-survivors at the beginning of treatment. A set of ECG parameters was identified that were significantly associated with treatment outcomes and may be predictors of COVID-19 mortality: T-wave morphology (SVD), Q-wave amplitude, and R-wave amplitude (lead I).
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1 Introduction

Experience with the pandemic has shown that the disease can pose a severe threat to the lives of patients. The main danger of the disease is acute respiratory syndrome and lung injury. However, patients may experience damage to other organs and systems: the cardiovascular system, the immune system, the liver and the kidneys. Myocardial injury occurred in at least 10% of unselected COVID-19 cases and up to 41% in critically ill patients or those with comorbidities (Cameli et al., 2020).

In the survivors, the majority showed long-term symptoms, now often referred to as long COVID-19 (Garg et al., 2021; Crook et al., 2021). One of the critical long-term clinical consequences of COVID-19 seems to be myocardial injury (Guzik et al., 2020; Italia et al., 2021; Akhmerov and Marbán, 2020).

Signs and symptoms of possible myocardial injury after COVID-19 may include severe fatigue, palpitations, chest pain, shortness of breath, postural orthostatic tachycardia syndrome (POTS) due to neurologic disturbances, post-exertional fatigue, and higher troponin levels (Lovell et al., 2022; Bandyopadhyay et al., 2020; Xie et al., 2022; Matsumori et al., 2022).

In addition, COVID-19 appears to cause severe myocarditis. It can affect the myocardium and pericardium, causing severe fatigue without other apparent symptoms (Lovell et al., 2022). Diagnosis of myocarditis is relatively inaccurate because both tests and diagnostic protocols lack accuracy. Some reports showed that symptoms persisted for an average of 47 days before being diagnosed by cardiac magnetic resonance (CMR) imaging (Ojha et al., 2021).

Therefore, it is extremely important to identify critical factors for assessing COVID-19 severity, predicting treatment outcomes, and optimizing individual treatment strategies (Izcovich et al., 2020; Fathi et al., 2021). It is known that 49 variables can provide valuable prognostic information about mortality and disease severity in patients with COVID-19 (Izcovich et al., 2020).

Numerous studies have confirmed that cardiac (Mueller et al., 2021) and other biomarkers may reflect cardiovascular injury and inflammation in COVID-19 and are strongly associated with poor prognosis and mortality (Battaglini et al., 2022; Wang et al., 2020). In addition, some electrocardiographic (Bergamaschi et al., 2021) and echocardiographic alterations (Long et al., 2021) appear to have prognostic implications for patients with COVID-19.

Several prognostic models have been developed to assess disease severity in patients with COVID-19 and predict mortality (Bertsimas et al., 2020; Pourhomayoun and Shakibi, 2021; Liang et al., 2020; Zhou et al., 2021; Yan et al., 2020; Kang et al., 2021).

Such classification models have usually been developed using various machine learning (ML) algorithms. For example, one neural network model has demonstrated 93% accuracy in predicting mortality based on patients’ physiological status, symptoms, and demographic information (Pourhomayoun and Shakibi, 2021).

A multivariable logistic regression model and an online risk calculator based on 10 clinical indicators were proposed to predict critical illness development among hospitalized patients with COVID-19 (Liang et al., 2020). A support vector machine (SVM) model based on 11 routine clinical parameters was developed to assess the severity of COVID-19 patients (Zhou et al., 2021).

An interpretable mortality prediction model for COVID-19 patients was proposed by Yan et al. (2020) where the XGBoost ML algorithm was used to select predictors. The interpretable decision tree and the decision rule for 3 biomarkers that predict the survival of individual patients with more than 90% accuracy were obtained.

It should be noted that in one of the ML models for predicting the severity of COVID disease, among the 33 analyzed signs and indicators, there was the cardiac functional grading (according to New York Heart Association functional classification) (Kang et al., 2021). However, this cardiac indicator was excluded from the model because of its weak positive correlation with the severity of COVID-19.

In this context, the advanced analysis of ECG is highly demanded. This is especially true for patients with a normal or slightly changed electrocardiogram, i.e., if the analysis did not reveal any “major” category according to the, for example, Minnesota coding system. The only way to increase the diagnostic value of ECG examination is to develop proper information technology (IT)—a combination of up-to-date methods and equipment bound into a chain that provides collection, storage, pre-processing, interpretation, conclusion and dissemination of information (Chaikovsky, 2020).

At the same time, the advancement of diagnostic methods, especially instrumental ones (i.e., methods of functional diagnostics), primarily entails a constant increase of their “distributive capacity”—the ability to detect more and more and subtler changes in the function examined by one method or another. Such opportunities emerge due to progress in technical measurement tools of a specific function and even more due to the development of informational technologies. In other words, due to the creation of new metrics—numerical parameters using which one can assess the aspects of the functioning of various human organs and systems that were inaccessible before.

As a result, new ways of improving the diagnostic accuracy of a particular method within its traditional application scenarios are discovered. Additionally, familiar methods find unconventional uses in new areas.

Everything mentioned above fully applies to the new informational technologies for cardiac electrical activity assessment developed at V.M. Glushkov Institute of Cybernetics of the National Academy of Sciences of Ukraine.

The main goal set by the developers in this context was to make any electrocardiography informative. Routine ECG analysis is based on specific ECG syndromes or phenomena defined within one of the existing visual ECG analysis algorithms. However, in most cases, no ECG syndrome can be identified during the analysis of an individual electrocardiogram, at least not one that reflects cardiac pathology, i.e., belongs to the “major” category according to the Minnesota coding system, for example. During the routine analysis, one is forced to assign a single class to all these electrocardiograms—electrocardiograms with no primary ECG syndrome identified. However, the question arises: are all these electrocardiograms the same in terms of their relative “distance” to the “ideal” electrocardiogram of a healthy human? They are not. Depending on the myocardial condition, this “distance” can be further or closer. Moreover, there is a reasonable hypothesis that this “distance” reflects the likelihood of serious cardiovascular events. This is where routine analysis of an electrocardiogram is uninformative.

That is why the Universal Scoring system method and software for ECG scaling that can provide the quantitative evaluation of the slightest changes in ECG signal were developed (Chaikovsky, 2020; Chaykovskyy et al., 2019). This approach is based on, first of all, measuring the maximum number of ECG parameters and heart rate variability and, secondly, on positioning each parameter value on a scale between the absolute norm and extreme pathology. The suggested approach follows a popular Z-scoring ideology, where quantitative, usually point-based assessment of test results is determined using a unique scale containing data about intra-group test results variation. To calculate the Z-score mean, the test value of the group and its standard deviation are needed (Colan, 2013).

This study aimed to investigate the value of a new electrocardiographic metric for detecting subtle myocardial injury in patients during COVID-19 treatment. And also, to test the hypothesis about the prognostic value of myocardial injury on the treatment outcome.



2 Materials and methods


2.1 Study design and patient characteristics

The study was conducted in 2021. A total of 26 patients with confirmed COVID-19 were monitored while on treatment in the intensive care unit (ICU) of the Kyiv Clinical Hospital #4. The hospitalization duration ranged from 5 to 27 days. All the patients were initially in a severe condition.

The vital signs were documented to evaluate the course of the illness: heart rate, blood oxygen saturation, blood pressure, body temperature, and respiration rate. Based on them, the severity of a patient’s condition was calculated using a widely accepted NEWS score (Wang et al., 2020). Severe COVID-19 condition was defined as meeting NEWS aggregate score of 7 or over.

The process of patients’ enrollment is presented on Figure 1.

[image: Figure 1]

FIGURE 1
 Flow-chart of the enrollment of COVID-19 patients with serial ECG evaluations.


Most patients had a history of chronic diseases, first of all CVD, but these diseases were in remission. Thus, only patients with no signs of instability in relation to heart disease and no gross changes in the electrocardiogram in accordance with Minnesota coding were included in the study. Based on this logic, as shown in Figure 1, four patients were excluded due to instability of their conditions in the context of comorbid heart diseases, and eight other patients were excluded because they had major pathological changes on the ECG according to Minnesota coding.

In 26 patients, an ECG in 12 leads by serial digital ECG device (Solvaig Ltd., Ukraine) was repeatedly recorded (at the beginning and several times during the treatment—from 2 to 4 times). Among these patients, six patients died during the treatment. The main characteristics of the patient’s condition were recorded several times. The integral indicators were used to calculate the patient’s severity according to the NEWS scale (National Early Warning Score) (Baker et al., 2021) and SAPS II (The Simplified Acute Physiology II Scale) (Allyn et al., 2016). А demographic and anthropometric values, clinical parameters and ICU characteristics are presented in Table 1.



TABLE 1 Patient characteristics at ICU admission.
[image: Table1]



2.2 Statistical analysis

Data are presented as means ± standard deviation (SD) or median (interquartile range, IQR) for continuous variables, based on normality and as percentages for categorical variables. A two-sample t-test compared the baseline characteristics of subjects within each group with unequal variances for continuous variables. Mann–Whitney U test was performed for variables that were not normally distributed. Two-tailed p < 0.05 was considered statistically significant.

The expectation–maximization (EM) clustering algorithm with 10-fold cross-validation was used to identify homogeneous groups. Homogenous groups were formed based on disease severity and integral index of patients at the beginning of treatment. As a result, two subgroups were identified that were significantly different in the severity of the disease and the integral indicator of the state of the cardiovascular system of patients at the start of treatment. Repeated measures ANOVA was used to evaluate statistical differences in the main clinical parameters in these subgroups at the beginning and the end of treatment.

We used machine learning algorithms (CART) such as Decision Trees to construct a model for classifying patient mortality. Statistical analysis was performed using Statistica 12.0 software.




3 Results


3.1 Correlation and cluster analysis, changes of integral parameters in the course of treatment

Previous studies have shown heterogeneity in clinical manifestations, severity and outcomes in COVID-19 patients. Our task was to study the heterogeneity of patients, taking into account the vital signs, the severity of the disease, and the state of the cardiovascular system (CVS). In addition, it was necessary to determine the influence of these factors on the treatment outcome.

We calculated correlation coefficients for all monitoring data to study the relationship between the CVS state’s integral index and patients’ vital signs during treatment. Mean values and Spearman correlation coefficients for the vital signs and the composite index of ECG U-score are shown in Table 2.



TABLE 2 Mean values and Spearman’s correlation coefficients for vital signs and U-score composite ECG index.
[image: Table2]

As one can see, a weak but statistically significant correlation exists between U-score composite ECG index and blood oxygen saturation, body temperature and NEWS score (in the last two cases - negative correlation).

Table 3 shows the distribution of patients according to the NEWS score, indicating the heterogeneity group of patients at the beginning of treatment.



TABLE 3 The distribution of patient severity score at the beginning of treatment.
[image: Table3]

To identify homogeneous subgroups (clusters), the sample of 26 patients was analyzed using EM cluster analysis with 10-fold cross-validation.

Hence, the problem of choosing the best parameters for clustering arises. In the general case, the task of selecting features for clustering consists of choosing the “best” set of features that helps to identify natural clusters according to the criterion. In our case, the criterion is the treatment outcome. Preliminary, feature dimensionality reduction methods were used to collapse features, in other words, to form composite features. Based on this logic, the electrocardiographic composite score called U-score, as well as composite scores NEWS and SAPS II for assessing the patient’s condition in the intensive care unit, were primarily selected as features for clustering. Then, SAPS II was rejected due to its minimal variations during treatment. In addition, the SpO2 value was chosen as a clustering parameter, since this independent feature is the most important vital sign in assessing the condition of patients with respiratory distress. Other vital signs such as HR, body temperature, as well age was also preliminarily investigated as potential parameters for clustering, but were rejected because the clusters resulting from the use of these parameters were clearly unrelated to the target criterion.

As a result, the NEWS score (as a categorial variable), SрО2 and U-score composite ECG index at the beginning of treatment have been taken for clusterization. NEWS and U-score were taken for clustering as the most integral indexes, and SpO2 - since this is the vital sign for patients in the ISU for COVID-19.

As a result, two subgroups significantly differing from each other in SpO2, NEWS score and U-score values were identified among these patients:

Cluster 1 included 19 patients with mean NEWS = 7.1, SрО2 = 84.3, U-score = 60.5.

Cluster 2 included 7 patients with mean NEWS = 8.3, SрО2 = 78.0, U-score = 49.8.

A diagram of standardized values of SpO2 and U-score is shown in Figure 2. As we can see, at the beginning of treatment, patients from cluster 1 have higher levels of oxygen and an integral ECG index compared to cluster 2. Сluster 2 (subgroup 2) is characterized by a combination of greater severity with low oxygen level and lower U-score (integral ECG index level).

[image: Figure 2]

FIGURE 2
 Normalized means SpO2 and U-score in cluster 1 and cluster 2.


The average values of vital signs in the identified subgroups are shown in Table 4.



TABLE 4 Comparison of vital signs in cluster 1 and cluster 2 (t-test).
[image: Table4]

In addition, the subgroup with a more severe course of the disease (cluster 2) significantly differs in the age of patients. In subgroup 2, patients are older but do not differ in physiological severity. They do not have a significant difference in the indicator of physiological severity SAPS II.

We studied the dynamics of the abovementioned main parameters (SpO2, NEWS, U-score) in two clusters throughout treatment using a repeated measures analysis of variance (RepANOVA). The changes of these parameters at the beginning (1) and by the end (2) of treatment are shown in Figures 3–5.

[image: Figure 3]

FIGURE 3
 NEWS severity score changes due to treatment in clusters 1 and 2.


[image: Figure 4]

FIGURE 4
 SpO2 changes due to treatment in clusters 1 and 2.


[image: Figure 5]

FIGURE 5
 U-score integral ECG index changes due to treatment in clusters 1 and 2.


As shown from the figures above, both subgroups show a decrease in NEWS severity score and an increase in SpO2 as a result of treatment, and these changes are statistically significant. The impact of therapy on main parameters in subgroups can be assessed by partial effect sizes (partial eta-squared, [image: image]). The effect of increasing oxygen in each cluster is significant: cluster 1 R1 SpO2 [image: image] = 0.73, p = 0.00001; cluster 2 [image: image] = 0.72, p = 0.007.

In addition, the dynamics of severity reduction in the 1st subgroup is more pronounced. Sub NEWS partial eta-squared = [image: image] = 0.7, p = 0.0001. Note that a decrease in the mean NEWS is not statistically significant in subgroup 2 (cluster 2 with severe baseline).

In addition, the dynamics of severity reduction in the 1st subgroup is more pronounced. Sub NEWS partial eta-squared = [image: image] = 0.7, p = 0.0001. Note that a decrease in the mean NEWS is not statistically significant in subgroup 2 (cluster 2 with severe baseline).

The U-score composite index has a positive tendency to increase. However, the wide dispersion observed indicates a heterogeneity of U-score changes. Note that in subgroup 2, with low initial levels of integral indicator and oxygen, the part of unfavorable outcomes (ratio deceased/survivors) is 3 out of 7, >3 out of 19 in subgroup 1.



3.2 Comparison of vital signs and ECG indicators in two groups by the outcome of treatment

Next, we studied the differences between patient groups formed according to treatment outcomes. The study group of 26 patients consisted of two classes according to the treatment outcome: 20 survivors and 6 non-survivors. Clinical data and ECG parameters at the beginning and end of treatment were compared between survivors (S) and non-survivors (D).

At the beginning of treatment, there were no significant differences between groups S and D in the vital signs (SAPS II, SpO2, NEWS score and U-score), except for the patient’s age and body temperature (Table 5).



TABLE 5 Comparison of mean vital signs between survivors and non-survivors (t-test).
[image: Table5]

Then, an analysis was performed to identify any statistically significant differences among all partial ECG indicators constituting the U-score. The results of comparisons of ECG indicators in these groups at the beginning of treatment according to the t-test are shown in Table 6 and according to the Mann–Whitney U test in Table 7.



TABLE 6 Mean ECG indicators for survivors and non-survivors at the beginning of treatment (t-test).
[image: Table6]



TABLE 7 Chi-square statistics: outcomes—vital signs.
[image: Table7]

At the beginning of the treatment, statistically significant differences were observed among the following parameter values:

1. T-wave morphology (SVD);

2. P/QRS integrals ratio;

3. U-score based composite index of cardiovascular events risk;

4. R-wave amplitude (μV) (lead I);

5. Integral of QRS complex (lead I).

By the end of the treatment, statistically significant differences were observed, in addition to the severity of the disease, among the same ECG parameters and also in one of the fundamental heart rate variability indicators, RMSSD, which represents parasympathetic nervous system activity.



3.3 Vital signs and ECG indicators as treatment outcome predictors

In the last step of statistical treatment, we explored which parameters had the highest correlation with treatment outcomes using vital signs and the entire ECG and HRV dataset. We used univariate feature selection for classification based on the Chi-square statistical test (Tables 7, 8). Variables with higher Chi-square statistical values are then selected as predictors for classification.



TABLE 8 ECG indicators—treatment outcome predictors.
[image: Table8]

As follows from Table 8, vital signs at the beginning of treatment cannot be selected as treatment outcome predictors.

ECG indicators that significantly correlate with the treatment outcome class attribute and previously identified features (independent-group t-test) listed in Table 9 ranged p-value.



TABLE 9 The contribution (rank) of parameters to the survival classification model.
[image: Table9]

After testing the features with several statistics, we applied the wrapping method to the extracted features. With this approach, we evaluate the effectiveness of a subset of features, considering the final result of the applied learning algorithm (increase in accuracy when solving the classification problem).

We used the CART machine learning algorithm (decision tree method) with 10-fold cross-validation to divide patients into two classes (S, D) according to the tested feature sets. As a result, a set of features with the highest classification accuracy (one classification error) was obtained. Figure 6 shows the optimal classification tree built based on three features.

[image: Figure 6]

FIGURE 6
 The optimal decision tree for the treatment outcome prognosis.


Contribution of 3 ECG parameters to the resulting rules listed in Table 9. Classification accuracy—96%. One of the recovered patients was erroneously classified as deceased.

If one builds a tree using both parameters above and an additional attribute, NEWS score value, the result will be as shown in Figure 7. This tree has the same structure as the previous one. Still, it is right branch has an additional split determined by the NEWS score condition. In this case, the classification accuracy on the training set was 100%.

[image: Figure 7]

FIGURE 7
 Full tree for the survival classification according to ECG parameters and NEWS score.





4 Discussion

This study and our previous works showed that the combination of ECG and HRV parameters has the best diagnostic value (Chaikovsky et al., 2019; Chaikovsky et al., 2020; Apykhtin et al., 2018; Patrick Neary et al., 2014; Clarke et al., 2020; Chaikovsky et al., 2020).

Changes in individual ECG and HRV parameters demonstrate only certain aspects of the examined phenomenon. Moreover, they can occur in opposite directions. Therefore, to reach a particular conclusion, in our case concerning the degree of subtle myocardial injury, a specific summarizing index that would synthesize the effects of individual components is necessary. The calculation method of such an index can be implemented in different ways. However, it must always include such sequential steps as theoretical justification of the composite index for the particular task selection of data adequate to the problem at hand analysis of this data, including its normalization, using methods of multivariate statistics selection of the informative private indicators (including the exclusion of correlated parameters) and finally an actual construction of the composite index through the aggregation of private indicators. As was shown above, we have fulfilled all those steps. At the same time, it is crucial to consider that in addition to the composite index, various partial indicators are the most informative for detecting subtle changes in various clinical scenarios.

Usually, those are modern electrocardiographic indexes with a common pathophysiological basis. All of them assess the electrical homogeneity of the myocardium through different means, as the more heterogeneous the myocardium is from an electrical point of view (the higher the dispersion of the generated transmembrane action potentials in amplitude and length), the higher the likelihood of serious cardiovascular events. In our study, such a highly informative modern electrocardiographic index was the T-wave SVD.

The SVD of T-wave represents the complexity of ventricular repolarization. One major spatial component (eigenvector) can be identified when repolarization is uniform, as in normal individuals. Conversely, when the repolarization pattern becomes fragmented, the relative value of the smaller vectors increases proportionally. Such an approach allows a comparison between the morphology of the T-wave across the 12 leads and the quantification of T-wave abnormalities in an observer-independent way (Clarke et al., 2020).

A key element in conducting our original research was the integration of an advanced Hybrid Cloud Environment for Telerehabilitation (HCET) (Malakhov, 2024; Malakhov and Semykopna, 2024), developed at the Glushkov Institute of Cybernetics of the National Academy of Sciences of Ukraine. Building on the concept of Research and Development Workstation Environments (RDWEs) (Palagin et al., 2018), HCET provides a robust, ontology-driven, service-oriented architecture that supports each stage of clinical research: from data collection and secure storage to real-time analysis and interpretation of results.

The HCET infrastructure (Malakhov, 2024) merges distributed hardware resources, specialized software platforms, and dedicated telemedicine modules, enabling seamless collaboration among multidisciplinary teams. Its three-layer model – Infrastructure-as-a-Service (IaaS), Platform-as-a-Service (PaaS), and Software-as-a-Service (SaaS) – ensures the flexible allocation and on-demand scaling of computational resources. At the core of the infrastructure is a high-performance server (HP ProLiant DL380p Gen8) running Ubuntu 22.04.3 LTS, configured with virtualization tools (KVM, LibVirt) to host multiple virtualized operating systems. This setup supports data-intensive applications and fosters reliable data processing pipelines.

Specifically, HCET facilitated several key steps in this study of ECG changes in severe COVID-19 patients:

Secure Data Acquisition and Management. Patient ECG data, along with relevant clinical parameters (e.g., NEWS scores), were collected in the ICU setting and securely transmitted to the HCET server. The platform’s integrated Electronic Health Record (EHR) managing module ensured proper storage, encryption, and retrieval of sensitive information, adhering to ethical and legal requirements for patient confidentiality.

Advanced Analytical Tool Integration. The HCET environment included support for Statistica 12.0 software, which was pivotal for our repeated-measures ANOVA, cluster analysis, and decision tree modeling. By leveraging the platform’s PaaS capabilities, researchers could seamlessly install, configure, and run Statistica within multiple virtual operating systems, optimizing both performance and collaborative workflows.

Interactive remote collaboration. Telemedicine components within HCET, such as the “Physician’s Digital Workplace” and “Patient’s Digital Cabinet,” enabled continuous interaction between clinicians, biomedical engineers, data scientists, and other stakeholders. This not only streamlined the process of updating patient records but also allowed real-time discussion of ECG findings, NEWS scores, and relevant biomarkers across geographically dispersed locations.

Machine Learning and Decision Support. Building on the RDWE principles, the cognitive subsystem of HCET (referred to as the information-analytical subsystem) supported iterative model development. Automated interactive systems—such as OntoChatGPT (Palagin et al., 2023)—facilitated the semantic and contextual analysis of text documents. Researchers also used the specialized MedRehabBot (Palagin et al., 2024) services to manage domain-specific ontologies, aiding in the consistent labeling and categorization of ECG parameters. This approach improved the accuracy of clustering methods (Kaverinskiy et al., 2024a; Kaverinskiy et al., 2024b) used to pinpoint subtle myocardial injury and strengthened the decision-tree models predicting COVID-19 mortality.

Scalability and future directions. As additional clinical evidence accumulates, HCET’s hybrid cloud setup ensures that resources can be dynamically scaled to accommodate larger patient cohorts, additional ECG recordings, and refined machine learning algorithms. Such scalability supports ongoing research into minor ECG changes, fostering deeper insights into myocardial injury, especially in post-COVID-19 care.

In essence, integrating the HCET platform into our experimental design bolstered every phase of this original research, from data stewardship to advanced statistical analyses. By uniting telemedicine, digital health, and cloud-based data processing services, HCET exemplifies how innovative hybrid cloud solutions can effectively support cutting-edge studies in physical medicine, rehabilitation, and beyond.

This work is the first study to assess minor electrocardiogram changes using the original scaling method in patients with COVID-19.

We reiterate that patients with unstable comorbid conditions and/or significant resting ECG abnormalities, as defined by Minnesota coding, were excluded from the study. This step was taken to ensure that any dynamic ECG changes observed would be attributed to COVID-19 rather than other underlying diseases. These findings underscore that our results may not be fully generalizable to individuals entirely free of comorbidities. Future research should expand recruitment to patients without these comorbidities to verify whether U-score based ECG changes exhibit similar predictive value.

Limitations of the study are the following: Firstly, the number of patients is relatively small. Secondly, no comparison of minor ECG changes with the levels of biomarkers of myocardial damage and inflammation was performed. Finally, the prognostic value of detected ECG changes regarding long-term COVID complications has yet to be analyzed.

Further larger-scale studies are planned to confirm and clarify the results.



5 Conclusion

The suggested ECG and HRV scaling method allow for registering and analyzing minor electrocardiogram changes during treatment. Modern ECG parameters used for advanced ECG analysis were the most informative. Contrary to this outline, the ECG analysis must be more informative for this task.

Two subgroups were identified that differed significantly in the severity of COVID-19 and the integral indicator of the cardiovascular system at the beginning of treatment. At the end of treatment, differences between subgroups remained. In the severe subgroup, there were 50 percent of deaths.

A comparison of potential predictors of mortality showed that at the beginning of treatment, there were no significant differences in vital signs between those who survived and those who died. In our study, the average age in the group of deceased patients was slightly higher, and the SAPS II score was not associated with the treatment outcome. A set of ECG parameters significantly associated with treatment outcome and may be predictors of treatment outcome were identified.

In addition to the U-score based composite index, partial indicators are the most informative for detecting subtle changes in various clinical scenarios, such as treatment outcome prediction. A decision tree for the survival classification of patients with COVID-19 was built based on the partial ECG parameters and NEWS score.

The obtained results allow us to create a combined decision rule that includes both the well-known NEWS-score and AI-based analysis of subtle ECG changes. Such a combined decision rule should have the highest possible predictive accuracy for COVID-19 Treatment Outcome. Further large-scale studies are needed to confirm these findings.

An important future direction involves utilizing innovative informatics infrastructures, such as the Hybrid Cloud Environment for Telerehabilitation (Malakhov, 2024; Malakhov and Semykopna, 2024), to manage and analyze large ECG datasets alongside clinical metrics. By delivering on-demand computational resources within an integrated platform, HCET enhances the scalability of machine learning pipelines for real-time ECG data processing.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The study was conducted according to the guidelines of the Declaration of Helsinki and approved by the Ethics Committee of Shupik National Healthcare University of Ukraine, Kyiv (protocol code no. 5 and date of approval is April 4, 2021). Informed consent was obtained from all subjects involved in the study. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

IC: Conceptualization, Formal analysis, Methodology, Writing – original draft, Writing – review & editing, Project administration. DD: Writing – review & editing, Conceptualization, Formal analysis, Investigation, Methodology, Project administration, Validation, Writing – original draft. OK: Software, Visualization, Writing – original draft. KaM: Investigation, Writing – original draft. JV: Resources, Validation, Writing – original draft. KyM: Software, Writing – review & editing. ОL: Conceptualization, Methodology, Resources, Supervision, Validation, Writing – original draft.



Funding

The author(s) declare that no financial support was received for the research and/or publication of this article.



Acknowledgments

The authors are sincerely grateful to Anna Starynska (Cardiolyse Oy, Finland) for her long-term support concerning data management.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The author(s) declare that no Gen AI was used in the creation of this manuscript.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 Akhmerov, A., and Marbán, E. (2020). COVID-19 and the heart. Circ. Res. 126, 1443–1455. doi: 10.1161/circresaha.120.317055 

 Allyn, J., Ferdynus, C., Bohrer, M., Dalban, C., Valance, D., and Allou, N. (2016). Simplified acute physiology score II as predictor of mortality in intensive care units: a decision curve analysis. PLoS One 11:e0164828. doi: 10.1371/journal.pone.0164828 

 Apykhtin, K., Chaikovsky, I., Yaroslavska, S., Starynska, A., and Stadnyk, L. (2018). Adaptation of cardiovascular system to work in the night shifts of doctors and nurses. J. Am. Coll. Cardiol. 72:C243. doi: 10.1016/j.jacc.2018.08.1056

 Baker, K. F., Hanrath, A. T., Schim Van Der Loeff, I., Kay, L. J., Back, J., and Duncan, C. J. (2021). National Early Warning Score 2 (NEWS2) to identify inpatient COVID-19 deterioration: a retrospective analysis. Clin. Med. 21, 84–89. doi: 10.7861/clinmed.2020-0688 

 Bandyopadhyay, D., Akhtar, T., Hajra, A., Gupta, M., Das, A., Chakraborty, S., et al. (2020). COVID-19 pandemic: cardiovascular complications and future implications. Am. J. Cardiovasc. Drugs 20, 311–324. doi: 10.1007/s40256-020-00420-2 

 Battaglini, D., Lopes-Pacheco, M., Castro-Faria-Neto, H. C., Pelosi, P., and Rocco, P. R. M. (2022). Laboratory biomarkers for diagnosis and prognosis in COVID-19. Front. Immunol. 13:857573. doi: 10.3389/fimmu.2022.857573 

 Bergamaschi, L., D’Angelo, E. C., Paolisso, P., Toniolo, S., Fabrizio, M., Angeli, F., et al. (2021). The value of ECG changes in risk stratification of COVID-19 patients. Noninvasive Electrocardiol 26:e12815. doi: 10.1111/anec.12815 

 Bertsimas, D., Lukin, G., Mingardi, L., Nohadani, O., Orfanoudaki, A., Stellato, B., et al. (2020). COVID-19 mortality risk assessment: an international multi-center study. PLoS One 15:e0243262. doi: 10.1371/journal.pone.0243262 

 Cameli, M., Pastore, M. C., Soliman Aboumarie, H., Mandoli, G. E., D’Ascenzi, F., Cameli, P., et al. (2020). Usefulness of echocardiography to detect cardiac involvement in COVID-19 patients. Echocardiography 37, 1278–1286. doi: 10.1111/echo.14779 

 Chaikovsky, I. (2020). Electrocardiogram scoring beyond the routine analysis: subtle changes matters. Expert Rev. Med. Devices 17, 379–382. doi: 10.1080/17434440.2020.1754795 

 Chaikovsky, I., Kryvova, O., Kazmirchyk, A., Mjasnikov, G., Sofienko, S., Bugay, A., et al. (2019). “Assessment of the post-traumatic damage of myocardium in patients with combat trauma using a data mining analysis of an electrocardiogram,” in 2019 Signal Processing Symposium (SPSympo), Krakow, Poland: IEEE, p. 34–38.

 Chaikovsky, I., Lebedev, E., Ponomarev, V., and Necheporuk, A. (2020). The relationship between ECG/HRV variables and socio-economic factors: results of mass screening in the rural region of Ukraine. Eur. J. Prev. Cardiolog. 27, S1–S119. doi: 10.1177/2047487320935268 

 Chaikovsky, I., Oshlianska, O., Artsymovych, A., Kryvova, O., Kovalenko, O., and Stadniuk, L. (2020). “Using of data mining methods to evaluate the myocardial damage in children with juvenile idiopathic arthritis,” in 2020 IEEE 40th International Conference on Electronics and Nanotechnology (ELNANO), Kyiv, Ukraine: IEEE, p. 391–395.

 Chaykovskyy, I. A., Budnyk, M. M., and Starynska, G. A. (2019). Method of ECG evaluation based on universal scoring system. Washington, DC: U.S. Patent and Trademark Office.

 Clarke, R., Chaikovsky, I., Wright, N., Du, H., Chen, Y., Guo, Y., et al. (2020). Independent relevance of left ventricular hypertrophy for risk of Ischaemic heart disease in 25, 000 Chinese adults. Eur. Heart J. 41:2938. doi: 10.1093/ehjci/ehaa946.2938 

 Colan, S. D. (2013). The why and how of Z scores. J. Am. Soc. Echocardiogr. 26, 38–40. doi: 10.1016/j.echo.2012.11.005 

 Crook, H., Raza, S., Nowell, J., Young, M., and Edison, P. (2021). Long COVID—mechanisms, risk factors, and management. BMJ 374:n1648. doi: 10.1136/bmj.n1648 

 Fathi, M., Vakili, K., Sayehmiri, F., Mohamadkhani, A., Hajiesmaeili, M., Rezaei-Tavirani, M., et al. (2021). The prognostic value of comorbidity for the severity of COVID-19: a systematic review and meta-analysis study. PLoS One 16:e0246190. doi: 10.1371/journal.pone.0246190 

 Garg, M., Maralakunte, M., Garg, S., Dhooria, S., Sehgal, I., Bhalla, A. S., et al. (2021). The conundrum of ‘Long-COVID-19′: a narrative review. IJGM 14, 2491–2506. doi: 10.2147/ijgm.s316708 

 Guzik, T. J., Mohiddin, S. A., Dimarco, A., Patel, V., Savvatis, K., Marelli-Berg, F. M., et al. (2020). COVID-19 and the cardiovascular system: implications for risk assessment, diagnosis, and treatment options. Cardiovasc. Res. 116, 1666–1687. doi: 10.1093/cvr/cvaa106 

 Italia, L., Tomasoni, D., Bisegna, S., Pancaldi, E., Stretti, L., Adamo, M., et al. (2021). COVID-19 and heart failure: from epidemiology during the pandemic to myocardial injury, myocarditis, and heart failure sequelae. Front Cardiovasc Med 8:713560. doi: 10.3389/fcvm.2021.713560 

 Izcovich, A., Ragusa, M. A., Tortosa, F., Lavena Marzio, M. A., Agnoletti, C., Bengolea, A., et al. (2020). Prognostic factors for severity and mortality in patients infected with COVID-19: a systematic review. PLoS One 15:e0241955. doi: 10.1371/journal.pone.0241955 

 Kang, J., Chen, T., Luo, H., Luo, Y., Du, G., and Jiming-Yang, M. (2021). Machine learning predictive model for severe COVID-19. Infect. Genet. Evol. 90:104737. doi: 10.1016/j.meegid.2021.104737 

 Kaverinskiy, V. V., Palagin, O. V., and Malakhov, K. S. (2024a). A distributed classification method for real-time healthcare data processing. CEUR Workshop Proc. 3777, 162–174.

 Kaverinskiy, V. V., Vakulenko, D., Vakulenko, L., and Malakhov, K. S. (2024b). Machine learning analysis of arterial Oscillograms for depression level diagnosis in cardiovascular health. CSIMQ 2024, 94–110. doi: 10.7250/csimq.2024-40.04

 Liang, W., Liang, H., Ou, L., Chen, B., Chen, A., Li, C., et al. (2020). Development and validation of a clinical risk score to predict the occurrence of critical illness in hospitalized patients with COVID-19. JAMA Intern. Med. 180, 1081–1089. doi: 10.1001/jamainternmed.2020.2033 

 Long, B., Brady, W. J., Bridwell, R. E., Ramzy, M., Montrief, T., Singh, M., et al. (2021). Electrocardiographic manifestations of COVID-19. Am. J. Emerg. Med. 41, 96–103. doi: 10.1016/j.ajem.2020.12.060 

 Lovell, J. P., Čiháková, D., and Gilotra, N. A. (2022). COVID-19 and myocarditis: review of clinical presentations, pathogenesis management. Heart Int. 16, 20–27. doi: 10.17925/hi.2022.16.1.20 

 Malakhov, K. S. (2024). Innovative hybrid cloud solutions for physical medicine and telerehabilitation research. Int. J. Telerehab. 16, e6635–e6619. doi: 10.5195/ijt.2024.6635 

 Malakhov, K. S., and Semykopna, T. V. (2024). Integrating hybrid cloud solutions in telerehabilitation. CEUR Workshop Proc 3806, 434–448.

 Matsumori, A., Auda, M. E., Bruno, K. A., Shapiro, K. A., Kato, T., Nakamura, T., et al. (2022). Cardiovascular factors associated with COVID-19 from an international registry of primarily Japanese patients. Diagnostics 12:2350. doi: 10.3390/diagnostics12102350 

 Mueller, C., Giannitsis, E., Jaffe, A. S., Huber, K., Mair, J., Cullen, L., et al. (2021). Cardiovascular biomarkers in patients with COVID-19. Eur. Heart J. Acute Cardiovasc. Care 10, 310–319. doi: 10.1093/ehjacc/zuab009 

 Ojha, V., Verma, M., Pandey, N. N., Mani, A., Malhi, A. S., Kumar, S., et al. (2021). Cardiac magnetic resonance imaging in coronavirus disease 2019 (COVID-19): a systematic review of cardiac magnetic resonance imaging findings in 199 patients. J. Thorac. Imaging 36, 73–83. doi: 10.1097/rti.0000000000000574 

 Palagin, O. V., Kaverinskiy, V. V., Litvin, A., and Malakhov, K. S. (2023). OntoChatGPT information system: ontology-driven structured prompts for chat GPT Meta-learning. IJC 22, 170–183. doi: 10.47839/ijc.22.2.3086

 Palagin, O. V., Kaverinskiy, V. V., Malakhov, K. S., and Petrenko, M. G. (2024). Fundamentals of the integrated use of neural network and Ontolinguistic paradigms: a comprehensive approach. Cybern. Syst. Anal. 60, 111–123. doi: 10.1007/s10559-024-00652-z

 Palagin, O. V., Velychko, V. Y., Malakhov, K. S., and Shchurov, O. S. (2018). Research and Development workstation environment: the new class of current research information systems. CEUR Workshop Proc. 2139, 255–269.

 Patrick Neary, J., Baker, T. P., Jamnik, V., Gledhill, N., Chaikovsky, I., Frolov, Y. A., et al. (2014). Multimodal approach to cardiac screening of elite ice hockey players during the NHL scouting combine. Med. Sci. Sports Exerc. 46:742. doi: 10.1249/01.mss.0000495720.24160.ee

 Pourhomayoun, M., and Shakibi, M. (2021). Predicting mortality risk in patients with COVID-19 using machine learning to help medical decision-making. Smart Health 20:100178. doi: 10.1016/j.smhl.2020.100178 

 Wang, K., Zuo, P., Liu, Y., Zhang, M., Zhao, X., Xie, S., et al. (2020). Clinical and laboratory predictors of in-hospital mortality in patients with coronavirus Disease-2019: a cohort study in Wuhan, China. Clin. Inf. Dis. 71, 2079–2088. doi: 10.1093/cid/ciaa538 

 Xie, Y., Xu, E., Bowe, B., and Al-Aly, Z. (2022). Long-term cardiovascular outcomes of COVID-19. Nat. Med. 28, 583–590. doi: 10.1038/s41591-022-01689-3 

 Yan, L., Zhang, H.-T., Goncalves, J., Xiao, Y., Wang, M., Guo, Y., et al. (2020). An interpretable mortality prediction model for COVID-19 patients. Nat. Mach. Intell. 2, 283–288. doi: 10.1038/s42256-020-0180-7

 Zhou, K., Sun, Y., Li, L., Zang, Z., Wang, J., Li, J., et al. (2021). Eleven routine clinical features predict COVID-19 severity uncovered by machine learning of longitudinal measurements. Comput. Struct. Biotechnol. J. 19, 3640–3649. doi: 10.1016/j.csbj.2021.06.022 


Copyright
 © 2025 Chaikovsky, Dziuba, Kryvova, Marushko, Vakulenko, Malakhov and Loskutov. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/frai-08-1561079-t001.jpg
Parameter Value

Age (years) 63141
Sex (female) 10 (38.47%)
Sex (male) 16 (61.53%)
Weight (kg) 80441665
Length (cm) 166.59.09
BMI (kg/m?) 284865
Hypertension 22 (834%)
Diabetes mellitus 9(34%)
Ischemic heart disease 18 (69%)
Heart failure 11(42%)
Pulmonary embolism 11 (42%)
Pulmonary hypertension 26 (100%)
Malignant disease 3(11.5%)
Liver failure 2(7.6%)
Vascular disease 4(15.3%)
Days with symptoms at ICU admission 115 (5-27)
SAPSII 25(9-35)
NEWS. 7.34(3-10)

Data are presented as (mean  standard deviation), median (interquartile range) and
numbers (percentages). ICU: Intensive care unit. BMI, body mass index; SAPS I Simplified
Acute Physiology Score 1l; NEWS, National Early Warning Score.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Subtle changes on electrocardiogram in severe patients with COVID-19 may be predictors of treatment outcome



		1 Introduction



		2 Materials and methods



		2.1 Study design and patient characteristics



		2.2 Statistical analysis









		3 Results



		3.1 Correlation and cluster analysis, changes of integral parameters in the course of treatment



		3.2 Comparison of vital signs and ECG indicators in two groups by the outcome of treatment



		3.3 Vital signs and ECG indicators as treatment outcome predictors









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Generative AI statement



		Publisher’s note



		References



















OPS/images/frai-08-1561079-g007.jpg
—Ss

—D
T wave morphology (SVD)
<=885 >685
s D
R wave amplitude Il Twave molmbvy (SVD)
«=2295 >2205 <= |965 >|955
W=
, r ﬂl r
! [ =[] [1 [
T wave morphology (SVD)
<=260 >280 <=55 >55
D s s






OPS/images/frai-08-1561079-t003.jpg
NEWS score

3 2 625
5 2 625
6 2 625
7 8 25.00
8 13 40.63
9 3 938





OPS/images/frai-08-1561079-t002.jpg
Variables Mean + SD
HR (heart rate) 80.05 % 1198
$p0; (blood oxygen saturation) 8646 £4.76
Body temperature (°C) 37.17£0.66
NEWS score 6.14+224
SAPSTI 235£614
U-score 59.49 £ 10.66

SD, standard deviation, *p < 0.05.

1.00

-0.24*
~0.10
010
0.06

-1

-0.24%

~0.64*
-012

0.28%

~0.10

~0.2¢4%

100

0.46*

-0.52¢

-0.22¢

NEWS
0.10
—0.64%
0.46%
1.00
-025

—0.25*

SAPS I
006
-0.12
-052
-025
100

-017

~0.11

0.28*

~0.22¢

~0.25%

-017

100





OPS/images/frai-08-1561079-g006.jpg
—S

—D
T wave morphology (SVD)
<=685 >685
s N=20| s N=f
R wave amplitude II T wave morphology (SVD)
<=2295 »2295 <=1965 >1965
2 = =
S S F D S
mim] [] el []
T wave morphology (SVD)
<=26,0 >260

D S

3

.






OPS/images/frai-08-1561079-g005.jpg
70,

60

v

50

40

== dustert
= duster2

1 Uscore

2 Uscore






OPS/images/cover.jpg
& frontiers  Frontiers in Artificial Intelligence

Subtle changes on
electrocardiogram in severe
patients with COVID-19 may

be predictors of treatment
outcome












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
’ frontiers Frontiers in Artificial Intelligence






OPS/images/frai-08-1561079-e005.jpg
"y





OPS/images/frai-08-1561079-g001.jpg
79 COVID-19 patients with NEWS =7
admitted to the ICU
April 152021 - May 31.2021

36 patients exchuded
without iniial ECG

Patients
with initial ECG
evaluation
n=43

1 patint rnsfeced o anothercentee

4 patents excluded due to sbsenceof
repeated ECG records

T patientexchuded dus to suspected scute
coronary atery symdrome

5 patients excluded due to NVHA class3

6 patients exciuded due o complete
LEBB sndREEB

2 patents exchuded due to pathological
Qusave in2 or more leads
L in theansmnesis)

Patients with serial
ECG evaluation
o






OPS/images/frai-08-1561079-e003.jpg
"y





OPS/images/frai-08-1561079-e004.jpg
"y





OPS/images/frai-08-1561079-g004.jpg
§— cluster 1
- cluster 2

15p02

25p02






OPS/images/frai-08-1561079-g002.jpg
PRI

TS

o7

08

05

04

— chﬁ
—©— Cluster 2
Spo2 U score

Variahlas






OPS/images/frai-08-1561079-g003.jpg
= dustert
- cluster2

S o o~ © ® v o o

~AQ

NEWS2

NEWst

R1





OPS/images/frai-08-1561079-e001.jpg
"y





OPS/images/frai-08-1561079-t008.jpg
eatment ol

ome predictors (at

p-value

beginning of treatment)

Rewave amplitude (mV) (lead I1) 1801 0011
T-wave morphology (SVD) 956 0.043
Q-wave amplitude (V) (lead 1) 12.26 0052
Shift of the ST segment after 0.08 s after point ] (mV) (lead 1) 1323 0.104
Rewave amplitude (V) (lead 1) 117 0135
U-score based composite index of cardiovascular events risk 829 0141





OPS/images/frai-08-1561079-e002.jpg
"y





OPS/images/frai-08-1561079-t009.jpg
Importance

Parameters

‘T-wave morphology (SVD) 100 1,000

Rewave amplitude (V) (lead IT) 98 0977
0.278

Q-wave amplitude (V) (lead ) 23





OPS/images/frai-08-1561079-t005.jpg
ECG indicators

SAPSII
Age

$p0;

Body temperature
NEWS

HR

U-score

Survivors (n = 20)

Mean + SD

23614591

5930+ 11.06

82954416

37474083

730+ 1.89

77.25+2067

58.10 +10.83

Non-survivors (n = 6)
Mean + SD

2500+
7450 %
8167+
3780+ 0.63
800 0.63
78.50 +13.91

546741523

0.693

0013

0521

0023

0.388

0891

0541





OPS/images/frai-08-1561079-t004.jpg
Vital signs Cluster 1 (n = 19) Cluster 2 (n = 7)

Mean + SD Mean + SD
Age 59631023 7143 £ 18.48 0047
BR (breathing rate) 2384320 2486291 0470
HR 8205+ 15.06 88291135 0331
$p0; 84372248 78.00+4.47 0.0001
Body temperature 3746081 37794073 0358
NEWS 7164177 8294125 0136
SAPSII 23194575 25674737 0413
U-score 6005+ 1187 49.86:£7.90 0046

SD, standard deviation; n, number of patients.





OPS/images/frai-08-1561079-t007.jpg
p-value

Age 13.09 0.109
SAPSTI 1102 0201
Body temperature 595 0428
HR 515 0.741
BR 290 0714
pO, s 0.647

NEWS 3211 0782





OPS/images/frai-08-1561079-t006.jpg
ECG indicators

T-wave morphology (SVD)
PIQRS integrals ratio
Integral of QRS complex (1)

U-score based composite index of

cardiovascular events risk assessment
Rewave amplitude (V) (lead T)
Q-wave amplitude (uV) (lead 1)
Rewave amplitude (V) (lead 11)

n, number of patients.

Survivors (n = 20)

Mean + SD

28.95+49.16
0.151£0.09

00234001

604 +21.30

593.1 423100
~18.40+29.19

412.85 £210.75

Non-survivors (n = 6)
Mean + SD

98.67+84.44
0062 £0.05

0.037:+0.02
3832240

8618+ 356.08
32674 43.83

313,00 + 263.49

0017
0.039

0025

0037

0.036
0358

0345





