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cytokines in COVID-19 patients
with deteriorating and recovering
health conditions
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Understanding the immune response to COVID-19 is challenging due to its high variability among
individuals. To identify differentially expressed cytokines between the deteriorating and recovering
phases, we analyzed the Electronic Health Records (EHR) and cytokine profile data in a COVID-19
cohort of 444 infected patients and 145 non-infected healthy individuals. We categorized each
patient’s progression into Deterioration Phase (DP) and Recovery Phase (RP) using longitudinal
neutrophil, lymphocyte and lactate dehydrogenase levels. A random forest model was built using
healthy and severe patients to compute the contribution of each cytokine toward disease progression
using Shapley Additive Explanations (SHAP). SHAP values were used for supervised clustering to
identify DP and RP-related samples and their associated cytokines. The identified clusters effectively
discriminated DP and RP samples, suggesting that the cytokine profiles differed between deteriorating
and recovering health conditions. Especially, CXCL10, GDF15, PTX3, and TNFSF10 were differentially
expressed between the DP and RP samples, which are involved in the JAK-STAT, NF-xB, and MAPK
signaling pathways contributing to the inflammatory response. Collectively, we characterized the
immune response in terms of disease progression of COVID-19 with deteriorating and recovering
health conditions.
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The emergence of COVID-19, caused by the novel severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) has led to an unprecedented global health crisis, infecting over 500 million people globally. The
pandemic’s toll on healthcare systems, economies, and societies has been profound, necessitating an urgent
and coordinated global response. COVID-19’s clinical presentation ranges from mild symptoms like fever and
cough to severe complications such as pneumonia and acute respiratory distress syndrome (ARDS). More
importantly, its clinical outcome is highly variable among individuals, which has been a key challenge in
managing the pandemic, with severe cases often requiring intensive care and mechanical ventilation. Several
risk factors, including agel, genderz, and comorbidities® such as diabetes and obesity, have been associated with
an increased risk of severe outcomes. Therefore, many studies have made effort to provide a measurement scale
reflecting a patients severity level using their Electronic Health Records (EHR) in hopes to efficiently manage
clinical resources*. Hence, it is an important task to characterize the pathological progression and its associated
immune response of COVID-19 in terms of severity.

The pathologic progression to COVID-19 is deeply intertwined with the immune response. Initially, the
body’s immune system combats the virus by triggering both the innate and adaptive immune mechanisms.
The identification of intermediate stages in COVID-19 progression is of significant clinical and research
importance. This approach facilitates targeted interventions, potentially improving patient outcomes through
early anticipation and prevention of disease exacerbation via identifying immune response types’. Furthermore,
it contributes to efficient healthcare resource allocation by aiding the prediction of intensive care requirements,
a critical factor during pandemic surges. Moreover, in severe cases, the usual immune response can become
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dysregulated, leading to a hyperinflaimmatory state known as the cytokine storm®. This surge in cytokine
production, involving key molecules like IL-6, TNF-c, and IL-13, can exacerbate tissue damage and contribute to
the progression from mild to severe disease. The COVID-19 pandemic has spurred extensive research, involving
diagnosis, mortality and recovery prediction. While the methods differ, the studies commonly strive to provide
means for early intervention strategies, potentially reducing the severity and duration of the illness’'2. In the
case of the COVID-19 diagnosis, over 160 machine learning (ML) based methods were proposed using various
types of data and sources from both public and private sectors'>!%. The majority of severity prediction studies
are in the domains of mortality prediction!® and identifying recovery related patterns'®. Such studies often
overlook a comprehensive view of the disease’s progression, leading to a segmented understanding. In mortality
prediction, numerous studies have utilized clinical and laboratory data to forecast patient outcomes and identify
patients at high risk. These studies are key to managing healthcare resources efficiently. However, they tend to
concentrate on predicting death as an outcome without encompassing the full trajectory of the disease from
initial infection to recovery or death. Parallel to this, research on recovery patterns in COVID-19 patients has
been integral in understanding the factors affecting patient recuperation. A study at the Assosa COVID-19
treatment center in Ethiopia analyzed recovery times and their influencing factors'’, providing insights into the
variability of recovery duration and the impact of clinical factors. However, such studies mainly focus on the
endpoint of recovery, without extensively exploring the intermediate stages of the disease.

Our study addresses the challenge of categorizing COVID-19 patient statuses by proposing an approach
that views the disease’s progression as a continuous spectrum, spanning from critically ill to fully recovered
states. While our goal is to map each patient’s status accurately, we acknowledge the complexity and variability
inherent in this task. Our approach aims to characterize the spectrum of disease progression by establishing
reference points that represent the extremes of disease severity, rather than attempting to precisely categorize
each patient’s severity status. To categorize the disease progression of COVID-19 patients, we introduce the
concept of Pathological Progression Groups (PPGs), which encapsulate the dynamic shifts in a patient’s status
following SARS-CoV-2 infection. Considering the natural process of the host immune response over the viral
infection status, PPGs are composed of two phases: the Deterioration Phase (DP) and the Recovery Phase (RP).
This concept is expected to encompasses the full course of the disease progression. Using cytokine expression
data from a diverse patient group, we constructed a random forest (RF) model for classifying non-COVID-19
healthy and severe COVID-19 patients. Based on the model, SHAP values were computed for each cytokine on
the exploration dataset. Since the RF was trained with healthy and severe patients, any samples with a severity in
between are expected to be placed between zero and one. For a severe sample, it will output a probability of close
to 1 and a probability close to zero for healthy or mild severe patients. Thus, this conceptual framework enables
us to map each patient’s sample on a spectrum that ranges from critically ill to fully recovered states. Collectively,
we investigated and characterized the dynamics of the immune response to COVID-19 in terms of deterioration
and recovery using clinical and cytokine expression data.

Materials and methods

Data summary and preprocessing

Cytokine expression profiles and EHR samples of 145 healthy (i.e., non-infectious) and 444 COVID-19 patients
were collected. For the COVID-19 infectious group, the omics and clinical data were sampled in a longitudinal
manner, with each contributing data from 1 to 7 different time points. The COVID-19 dataset is comprised
of patients infected with various SARS-CoV-2 strains, predominantly Delta (AY.69, 47.9%) and Beta (B.1.497,
45.5%) variants. Strain information was available for 396 out of 444 patients. They were collected from three
institutions located in South Korea: Chungnam National University Hospital, Seoul Medical Center, and Samsung
Medical Center. The dataset includes cytokine exampression samples from plasma and laboratory data (e.g.,
neutrophil and lymphocyte counts) from blood samples, alongside the patient matched clinical data. Cytokine
profiles were measured by the Korea National Institute of Health (KNIH) using the Luminex MAGPIX system
with a customized panel, following a standardized protocol. The EHR data, detailing clinical therapy and patient
information, was recorded at various stages of their hospital stay, with durations ranging from 5 to 25 days.
Blood samples, providing cytokine data, were collected at different intervals during and post-hospitalization.
Cytokine measurements were taken at regular intervals during each patient’s hospital stay and after discharge.
On average, these measurements were taken every 5.7 days, with intervals ranging from 1 to 35 days. Such
sampling frequency was chosen based on previous studies of cytokine dynamics in acute viral infections, which
suggest that significant changes in cytokine levels typically occur over a period of days rather than weeks'®. As
a result, the dataset is comprised of a total of 1844 time point specific EHR samples, 1159 time points specific
cytokine profile. The cytokine profile consists of 191 cytokines, including IL17, IL25, and CXCL11, associated
with SARS-CoV-2 infection. Table 1 presents a summary of the demographics and clinical characteristics of the
COVID-19 cohort collected between February 2020 and July 2022 in the Republic of Korea. The initial dataset
included 191 cytokines, selected based on their known association with SARS-CoV-2 infection and relevance to
immune response pathways. Given the presence of 13,203 missing data points, a stringent criterion was applied:
only cytokines with less than 15% missing values were included for further analysis. Consequently, 166 cytokines
met this criterion. Missing values were imputed using a Random Forest regressor via the MissForest package
(version 1.5) in R (version 4.2.0)'?, trained over ten iterations to ensure the dataset’s completeness and reliability.

Constructing pathological progression groups

To reflect the pathological progression of a patient, we defined the concept PPG, which encapsulates the
dynamic shifts in a patient’s pathological progression status post SARS-CoV-2 infection. Under the natural
immune response to the virus, it is typical for patients to experience an exacerbation during the disease’s initial
phase, known as the pathogenic burden?. In this early stage, the innate immune system is activated, discerning

Scientific Reports |

(2024) 14:24712 | https://doi.org/10.1038/s41598-024-75924-x nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Category Description

Sample size 444 patients/1159 samples
Age distribution 52 + 16.656

Gender distribution | 245 males/199 females
Disease severity Moderate/Severe
Sampling dates 2020-02-25 ~ 2022-07-28

Geographic location | The Republic of Korea

Data source National Institute of Health

Table 1. Summarized statics of the COVID-19 cohort samples. Demographics and clinical data of 444 patients
(1159 samples), including age, gender, disease severity, study period (2020-02-25 to 2022-07-28), and location
(Republic of Korea), sourced from the National Institute of Health.
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Fig. 1. The conceptual illustration of the DP and RP PPGs. The transition of COVID-19 patients through
different stages of the disease is shown. The region colored in red refers to the duration of a patient with
deteriorating health conditions, whereas the blue region represents the recovery of the patient.

and counteracting the pathogen. Subsequently, as strategies to combat the virus are solidified, the adaptive
immune system takes precedence, heralding a transition towards restoring the immune system’s homeostasis
and alleviating the pathogenic burden. PPGs are used to delineate a patients pathological progression so that
biomarkers specific to recovery or deterioration can be detected. For simplicity, the PPG was categorized into
two groups: the DP and the RP. The conceptual depiction of a standard pathological progression is demonstrated
in Fig. 1, which assumes that a patient gets ill but recovers afterwards.

The challenge lies in gauging the disease’s dynamism, as its severity can fluctuate. A prevalent metric
employed for this purpose is the World Health Organization (WHO) ordinal score system?!, which is based
on clinical features with a specific emphasis on oxygen therapy-related information. However, a significant
fraction of patients display static clinical patterns throughout their hospitalization, making the demarcation
of PPG challenging in the absence of discernible differences (Fig. 1). Hence, we incorporated the Neutrophil-
to-Lymphocyte Ratio (NLR) and lactate dehydrogenase (LDH) levels as markers, which are used for labeling
PPGs?>%. These biological markers not only furnish insights into immune responses but also facilitate the
classification of the disease’s progression, especially in cases presenting limited change clinical status. Laboratory
markers were measured multiple times during the patients’ hospitalization, including at admission, during
hospitalization, and at discharge. Given that these indicators are integral to routine laboratory data and are
consistently procured during hospitalization, they serve as reliable tools in tracing the disease’s phases. For each
patient, DP and RP intervals were manually labeled by observing the longitudinal NLR and LDH levels. An
interval (i.e. in units of days) of a hospitalized patient was labeled as DP if the NLR and LDH levels elevated.
Similarly, an interval was labeled as RP if the NLR and LDH levels decreased. This sample-wise classification
allowed us to capture the dynamic changes in patient status more sensitively. Consequently, the same patient
could be classified into both DP and RP if their condition exhibited both upward and downward trends during
their hospitalization.The reason for such manual labeling was because the NLR and LDH levels did not always
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show consensus with a patient’s severity level as shown in Supplementary Fig. S1. Generally, an interval is labeled
as RP if either NLR or LDH levels started to decrease. However, if one marker showed a significant increase while
the other decreased, we maintained the DP classification to avoid premature categorization of recovery.However,
we showed that the quality of our manually labeled PPGs were sufficient to capture DP and RP specific cytokines.

The PPG was further split into severity level specific groups: moderate Deterioration Phase/Recovery
Phase (mDP/mRP) and severe Deterioration Phase/Recovery Phase (sDP/sRP). The severe DP and RP groups
correspond to samples with pronounced disease severity at any instance during hospitalization, typified by a
WHO scale of 6 or above, which is a conventional demarcation of severe illness®!. Similarly, the moderate DP
and RP groups correspond to samples with a WHO scale less than 6. The WHO scale can have a range of one to
ten depending on the type of pathological state or burden of a patient as described in Supplementary Table S1.
As described, the PPGs were further split to by the WHO scale to distinguish moderate and severe status specific
cytokines in terms of progression. As a result, cytokine samples that were collected within a DP or RP interval
were labeled as the interval’s PPG. The statistics of PPGs are summarized in Table 2, including the number of
samples, patients, gender distribution, age, WHO scale and related clinical features. After the PPG labeling
process, we focused on 112 patients (81 moderate and 31 severe) for downstream analysis, as these patients
exhibited clear DP or RP patterns. Since time-course samples were available per patient, the total number of
moderate and severe samples were 276 and 128, respectively. This approach, focusing on patients with clearly
identifiable DP or RP phases, allows us to capture the dynamic nature of disease progression more effectively and
ensures that our analysis is based on samples with well-defined progression characteristics.

Supervised clustering and PPG analysis

The objective of our study is to identify differentially expressed cytokines between the different PPGs. Instead
of directly comparing the raw cytokine levels of the PPGs, it is advantageous to measure the feature importance
of cytokines and compare them between the PPGs for enhanced interpretation of the result. SHAP values offer
a consistent and fair metric for assessing the importance of features across various machine learning models?
and transcriptomic studies?. These values distribute the contribution of each cytokine to individual predictions,
enhancing the interpretability of the model. Often, the computed SHAP values are used to cluster samples
that exhibit similar feature importance profiles?®?’. Hence, for robust results, they are computed based on a
classification model that was built using a well curated dataset with clear difference between the target prediction
groups.

Accordingly, a RF model was constructed using the expression of 166 cytokines, targeting the WHO
ordinal scale to distinguish between two distinct groups: Healthy (n = 25) and Severe (n = 35). The healthy
category represents non-infected healthy samples, indicative of the zero pathological burden. The RF model
for discriminating the healthy from severe COVID-19 patients constructed using 100 trees with Gini impurity
as the splitting criterion. The minimum number of samples required to split an internal node was set to 2 and
the minimum number of samples required to be at a leaf node to 1. These parameters were chosen to balance
model complexity with performance and to mitigate overfitting. We focused on these two extreme categories
to establish clear boundaries of the severity spectrum, allowing us to model severity as a continuum rather
than discrete classes. The selected 25 healthy donors were to match the time period of the 35 severe patients,
ensuring consistency and avoiding periodic differences among the training data. In contrast, the severe category
encapsulates the peak severe status of COVID-19 infection. Severe cases were defined as those with a WHO
ordinal scale score 6 or above, in line with established clinical criteria. This selection was made to ensure that the
RF model could learn from well-defined extremes of disease severity, thereby improving the model’s accuracy
and reliability. By using these clear-cut cases, the model could effectively compute SHAP values, which were
then applied to the broader and more variable exploration cohort for computing the SHAP values, or feature
importance, of cytokines, which are used for the supervised clustering of the exploration dataset that is composed
of cytokines samples from 81 moderate and 31 severe COVID-19 infected patients. The selection of the two

Moderate Severe

DP RP DP RP
No. of samples 94 182 53 75
No. of patients 52 72 28 27
Male/female 26/26 39/33 17/11 16/11
Age 55.02 + 15.69 54.75 + 15.04 63.57 + 11.29 60.7 £ 15.52
WHO scale 4.24 +0.43 4.29 +0.45 6.39 + 1.34 6.29 + 1.34
Neutrophil 67.49 + 13.57 67.68 + 12.72 84.99 + 8.98 83.91 £ 9.05
Lymphocyte 2279+ 113 22.93 +10.58 8.21 +6.6 9.08 + 6.66
LDH, U/L 447.26 +221.44 | 710.85 + 974.88 | 1519.1 + 1384.94 | 1761.23 +1311.73
D-dimers 650.92 + 899.32 | 467.21 + 241.41 | 961.66 + 566.06 | 888.49 + 509.09
Days of hospitalization | 15.9 + 5.38 15.8 + 6.08 20.4 + 8.67 20.5+9.12

Table 2. Patient statistics by PPG categories. The distribution and clinical characteristics of patients in the DP
and RP are shown per severeness. The WHO scale, neutrophil count, and LDH levels were similar within the
same severity category, even when comparing different PPGs. However, they exhibited different levels across
the severity groups, with higher values observed in the severe patients.
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extremes are expected to capture the associated cytokines characteristics so that the cytokines SHAP values
from the exploration dataset will be placed between them according to their severity level, and thus serving as a
continuum of the disease progression. The schematic workflow of analysis is depicted in Fig. 2.

For a given cytokine sample, the prediction output of the RF model is decomposable into a sum of SHAP
values for all cytokines and a base value f(x). Thus, f(z,) represents the model’s output in the absence of any
cytokines, essentially the expected model output across the dataset and computed as follows:

M
flx) = flao) + > 7 (1)
i=1

Here, f(x) and f(x) refer to the model’s severity and to the base value, or the model’s average prediction over
the dataset, respectively. v; denotes the SHAP value for cytokine i, reflecting the cytokine’s contribution to
the prediction deviation from the base value. At last, M is the number of total cytokines in the data, which
is 166 in our case. In essence, f(x) is the severity prediction of the model for a cytokine sample x, and each ~;
signifies the impact of the respective cytokine. It implies that a model’s prediction is the cumulative effect of
each cytokine expression level, starting from the average model prediction as the reference point f(zy). This
additive explanation model is essential for interpreting SHAP values and is fundamental to our analysis of
feature importance. The SHAP value ; of a cytokine i is computed as follows:
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where v refers to the coalition value function that assigns a prediction value to each coalition of cytokine, S refers
to a subset of cytokines, excluding cytokine i and M refers to the total number of cytokines, which is 166 in our
study. Collectively, 7;(v) represents the average marginal contribution of cytokine i in the prediction model
across all possible cytokine subsets S. The coalition value function v(S) for a subset S of cytokines is defined as
the expected output of the model when only the cytokines in S are known:

v(S) = E[f ()]s,

= (€)
where E[f(2)|z] represents the expected value of the model’s prediction given that the cytokines in S are known.
This involves averaging the model’s predictions over all possible values of the cytokines not in S, according to
their distribution.

To identify samples that showed significantly different SHAP values, the density based clustering algorithm
DBSCAN was applied on the UMAP of the SHAP value samples. DBSCAN was selected for its capacity to
identify high-density areas separated by regions of low density, thus distinguishing clusters with dissimilar
SHAP profiles. From the DBSCAN result, clusters were evaluated for homogeneity in terms of PPG. Clusters
with high homogeneity were selected for downstream analysis, which are expected to well capture the differences
between the DP and RP groups. The optimization of the DBSCAN algorithm was contingent on the calibration
of two parameters: the minimum number of samples (MinPts) required to establish a dense region, and the
neighborhood size (e), which dictates the proximity required for points to be considered part of a cluster.
Iterative refinement led to the determination that an e value of 0.8 and a MinPts threshold of 20 were optimal
for our dataset, resulting in the formation of distinct and meaningful clusters. This process was facilitated by
the DBSCAN implementation available in the sklearn Python package?. To ascertain clusters of analytical
relevance, particularly those reflecting the nuances of the RP and DP, including their respective severity, we
performed a purity assessment. To ensure the quality and robustness of the selected clusters, we performed a
manual review process. Each cluster was carefully examined to assess the homogeneity and purity of the samples
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Fig. 2. The analysis workflow. First, a severity classifier using healthy and severe COVID-19 patients was built.
Then, the model was used to compute the SHAP values of additional input data (i.e., non-training data). The
computed SHAP values were then subject to clustering to identify PPGs associated with disease progression.
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in terms of PPG representation. This manual review allowed us to identify and address any potential outliers
or anomalies that could affect the subsequent analysis. By applying this quality control step, we aimed to select
clusters that were representative of the specific PPG subgroups and provided a reliable basis for understanding
the immunological responses in COVID-19 progression. To provide a comprehensive comparison between
cytokine expression and cytokine SHAP value clustering, we also applied DBSCAN to the preprocessed cytokine
expression value. For comparison, we used the same 77 cytokines that showed significant SHAP values from
the measurement. To address the high variance in raw cytokine expression value, we applied two preprocessing
steps: a) log transformation and b) quantile normalization to standardize the scale across different samples.

Finally, we focused on the statistical analysis of the Shapley values derived from the DBSCAN clusters. This
analysis identified significant cytokines influencing the PPGs subgroups. To achieve this, we employed the ¢-test,
a robust statistical tool, to evaluate the differences in feature importance across the PPG subgroups. The t-test
was performed using the pingouin.ttest function, which automatically applies Welch’s correction for unequal
variances when sample sizes are unequal, as reccommended by Zimmerman?®. To account for multiple testing, we
applied the Benjamini-Hochberg procedure to control the false discovery rate at 0.05 across all ¢-tests comparing
SHAP values between DP and RP groups. The results from these ¢-tests provided insights into the cytokine set
that significantly contributes to the differentiation of disease severity in COVID-19 patients. Furthermore, to
explore the interactions and pathways involving the key cytokines identified in the analysis, we performed a
protein-protein interaction (PPI) network analysis using the STRING database (version 12.0)*. The analysis was
based on the statistical results obtained from the ¢-test result.

Results

PPG labeling results

The analysis of COVID-19 progression focused on various factors, including patient demographics, WHO scale,
and laboratory parameters. The data presented in Table 2 expressed the diversity of pathological responses within
our cohort and support the potential utility of the PPG approach for categorizing disease severity. Consistent
disease severity within specific groups was observed, as indicated by stable WHO scale across different disease
phases. Additionally, our findings suggest a correlation between age and disease severity, with older patients
more likely to experience severe outcomes. However, the variance in other biomarkers, such as neutrophil and
lymphocyte counts, was not pronounced, despite a slight increase in LDH levels between disease phases. This
observation suggests that further research into additional biomarkers may be beneficial for a more comprehensive
understanding of COVID-19 progression. It is observed that the hospitalization days across severity groups were
similar, with severe cases averaging 20 days and moderate cases averaging 15 days of hospitalization.

To validate the PPG labeling approach, correlation analysis was done between the clinical indicators (i.e.,
NLR, LDH, WHO score) and the RF model’s severe probability. Significant positive correlations between
these measures (Supplementary Fig. S2) were observed, supporting the consistency of the PPG labeling with
established clinical indicators. Notably, WHO score showed strong correlations with NLR (r = 0.653, p < 0.001)
and LDH (r = 0.634, p < 0.001). The models severe probability also correlated significantly with WHO score (r
=0.569, p < 0.001), NLR (r =0.463, p < 0.001), and LDH (r = 0.508, p < 0.001). These results provide additional
support for the validity of the PPG labeling approach and its alignment with established measures of disease
severity.

Evaluation of the severity prediction RF model

The RF model was used to classify severe COVID-19 and complete healthy patients, which was used to compute
the SHAP values. The WHO ordinal scale was used to differentiate the two groups. As expected, the model was
able to distinguish the severe from the non-infected samples by 100% accuracy (Fig. 3b). 5-fold cross-validation
on the training dataset maintained 100% accuracy across all folds, reflecting the clear separation between the
extreme cases. When applied to the exploration dataset, including moderate cases not in the training data, the
model predicted severity probabilities that correlated well with the WHO scale (Fig. 3a). This demonstrates
the model’s ability to generalize to intermediate severity levels and capture the continuous nature of disease
progression. Analysis of the SARS-CoV-2 lineages showed that the training dataset predominantly consisted
of Delta variants, while the exploration dataset had a significant presence of Beta variants. Despite such lineage
heterogeneity, the model’s prediction for mild and moderate cases fell within continuum between the two
extremes. For instance, cases with WHO scores of 3-5, typically considered mild to moderate, showed a range of
severity probabilities, reflecting the differences in their clinical presentations. Collectively, the RF model was able
to predict the severity level of samples correctly between the spectrum of being healthy and critically ill. Then,
the SHAP values for all samples were computed in reference to the trained RF model.

To gain insights of the factors influencing the RF model’s predictions, we analyzed the predictor importance
using both RF feature importance scores and SHAP values. Figure 4 presents the dual view of predictor importance.
The SHAP summary plot in Fig. 4a displays the distribution of SHAP values for the top 20 predictors, with each
point representing a single sample. The color of each point indicates whether that feature value was high (red) or
low (blue) for that sample. The random forest feature importance scores (Fig. 4b) highlight the overall impact of
each predictor on model decisions across all samples. Notably, CD274 (PD-L1) and KIT emerged as the top two
predictors, suggesting their crucial role in determining COVID-19 severity.

Cytokines expressed differently in DP and RP groups

Before the SHAP value analysis, we first examined the cytokine expression levels values for different PPGs and
severity groups. As shown in Fig. 5, the clustermap of cytokine profiles did not exhibit clear separation among
PPGs. While some similarity was observed within severity groups, the PPGs remained largely indistinguishable
based on the raw cytokine expression data alone. This suggests that raw cytokine profiles alone may not be
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Fig. 3. Evaluation of RF model. (a) The scatter plot of the severe probability as predicted by the model, shows
that the samples in the exploration dataset were well predicted and distributed along the severity probability
scale in correlation to their WHO scales. It shows that the model would correctly predict new input samples
correctly within the range of 0 to 1. For example, samples with moderate severeness will likely be predicted
with a probability for severeness between 0.4 and 0.8 (b) The confusion matrix for the training set (left) and
test set (right) shows that the model yielded high in both sensitivity and specificity.

sufficient to fully capture the complexity of disease progression and accurately categorize patients by their disease
progression stage. To address such limitation, the clustering results from both cytokine expression data and
SHAP values were compared. The SHAP value-based approach yielded a clearer separation between the DP and
RP samples. Despite this initial observation, the presence of mixed cytokines among normal samples and patient
PPGs, including mDP, sDP, and RP groups, pointed to the complexity of disease progression (Supplementary Fig.
S3). Given these findings, we decided to narrow our focus. Rather than broad categorizations, we concentrate on
specific data segments that are particularly representative of our target subgroups. This strategy aims to search
for cytokines essential to understand the progression of the pathology.

The density-based clustering algorithm, DBSCAN, was applied to the dimensions 1 and 2 of the UMAP, which
resulted in 11 distinct clusters (Fig. 6a). These clusters exhibited clear separations, with some demonstrating
representative membership characteristics. From these, we selected clusters 4, 5, 6, 8, and 9 for further analysis
based on their composition of PPGs and severity categories. Figure 6b illustrates the composition of these
selected clusters (i.e, 4, 5, 6, 8, and 9) in terms of PPGs and severity categories, providing transparency in our
cluster selection process. Clusters 4, 5, and 6 were chosen for moderate PPG analysis (mDP vs. mRP), while
clusters 4, 8, and 9 were selected for severe PPG analysis (sDP vs. sRP). In Fig. 6, yellow stars indicates clusters
selected for mDP vs. mRP comparison (4, 5, 6), red stars for sDP vs. sSRP comparison (8, 9), and the star-shaped
marker with both colors (cluster 4) indicates the cluster used in both comparisons. By thoroughly reviewing each
selected cluster and assessing the homogeneity and purity of the samples, we ensured that they well represented
mDP, mRP, sDP, and sRP subgroups. This approach allowed us to focus on the most informative and reliable
clusters, minimizing the impact of potential outliers or anomalies. For mDP and mRP analysis, a total of 195
samples were selected from clusters 4, 5, and 6. In the severe comparison between sDP and sRP, 64 samples were
selected from clusters 4, 8, and 9. These selected samples formed the basis for the subsequent analysis of key
cytokines and their potential roles in disease progression within each severity group. The selected clusters were
used to plot cluster map for the moderate and severe groups, where the RP and DP differences were now clearly
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Fig. 4. Feature importance of the RF model for predicting COVID-19 severity. (a) SHAP summary plot
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color indicating high (red) or low (blue) feature values. The x-axis shows the SHAP value, representing the
impact on model output. (b) Bar plot of feature importance scores from the RF model, highlighting the overall
contribution of each cytokine to severity predictions across all samples. CD274 (PD-L1) and KIT emerge as the
top two predictors of COVID-19 severity.

observed, as shown in Fig. 6¢,d. These clustermaps demonstrate the distinction between mDP and mRP samples,
and between sDP and sRP samples, based on the cytokine SHAP values.

PPGs specific to severe COVID-19 patients

In the mDP versus mRP comparison, 77 cytokines were evaluated. A ¢-test was performed to search for statistical
differences in SHAP values of the cytokines between mDP and mRP. The analysis revealed 38 cytokines
with significantly differing SHAP values. Similarly, in the sDP versus sRP comparison, 22 cytokines showed
significant differences in SHAP values (Table 3). This disparity in significant cytokine counts showed the distinct
immunological responses in different disease phases.

The analysis focused on cytokines contributing to sDP and sRP, comparing them with moderate PPGs.
Adjusted p-value rank changes in cytokines between sDP and sRP were measured and compared to the moderate
cases, as summarized in Table 3 The A Rank indicates the rank difference of a cytokine in the severe PPGs
relative to the same cytokine’s rank in the moderate PPGs in terms of SHAP value. For instance, GDF15 was
placed 20 ranks higher in the severe PPGs compared to the moderate PPGs. CXCL10, GDF15, TNFSF10,
and PTX3 cytokines were higher ranked in the severe PPGs. The SHAP value analysis revealed patterns for
these cytokines across different PPGs. CXCL10 and GDF15 contributed positively to severity prediction in DP
samples, with a more noticeable effect in severe patients. These findings suggest their potential as indicators for
disease progression, particularly in the deterioration phase (Fig. 7a,b). PTX3 showed varying patterns, with
higher contributions to severity prediction observed in the sDP group (Fig. 7b). The expression profile of PTX3
differed across PPGs, being most expressed in the sDP group (Fig. 8a). This variability in PTX3 expression and
its SHAP values suggests its potential utility in distinguishing between different stages of disease progression.
TNFSF10 showed lower expression levels in the sDP group compared to other PPGs. The SHAP value analysis
indicated an association between TNFSF10 expression and disease severity, with lower values in the severe
group. This finding suggests that TNFSF10 may play a role in the innate immune response during the early stages
of COVID-19, and its reduced expression could be associated with severe disease progression. PPI network
analysis showed that these four cytokines were connected to each other (Fig. 8b). They were also enriched in the
“Viral protein interaction with cytokines and cytokine receptor” pathway in the KEGG database?".

In addition, the analysis identified ERBB2 and S100A12 as potential markers for COVID-19 severity. MPO
and HGF also showed large A rank values of + 60 and + 57 respectively, suggesting their potential relevance
with severe cases. These cytokines showed differences in SHAP values between DP and RP groups in severe
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Fig. 5. The clustermap of cytokine expression data across different patient groups. The clusters do not show
clear separation between severity levels or PPGs, demonstrating that cytokine expression value alone is
insufficient to categorize patients by their disease progression stages. While some similarity is observed within
severity groups, the PPGs remain largely indistinguishable. The color bars above the heatmap indicate PPG,
Severity, and DBSCAN clusters, with "Healthy’ representing non-infected donors and "Unknown’ referring to
discharged patients with incomplete oxygen therapy information but available lab data.

patients, suggesting their potential involvement in pathological pathways of the virus. These results provide a
view of cytokine dynamics during COVID-19 progression, indicating potential biomarkers for disease severity
and progression. The identification of cytokines differentially expressed between DP and RP, particularly in
severe cases, offers insights into the immunological changes occurring during different phases of COVID-19
infection. The list of the cytokines analyzed in this study is provided in the Supplementary Tables S2 and S3.

Discussion

The findings align with previous studies identifying CXCL10, GDF15, PTX3, and TNFSFI0 as factors in
COVID-19 severity. These cytokines are involved in inflammatory and immune response pathways. CXCL10
has been associated with cytokine storm and severity prediction in COVID-19%%%2, Its positive contribution to
severity prediction in DP samples supports its potential as a biomarker for disease progression. GDF15, which
also contributed positively to severity prediction, is elevated in severe cases, possibly reflecting the extent of
inflammatory tissue damage®*3°.
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Fig. 6. UMAP embeddings and clustermaps of the cytokines SHAP values. (a) The UMAP of all samples
colored by DB clusters. Yellow stars mark clusters selected for mDP vs. mRP comparison, red stars for sDP vs.
sRP comparison, and star-shaped markers with both colors indicate clusters used in both comparisons. (b)

The stack bar plot showing the composition of selected DB cluster in terms of PPGs and severity categories. (c)
The clustermap of the moderate PPGs (mDP and mRP) showing a clear distinction between the two groups
based on cytokine SHAP values. (d) The clustermap of the severe PPGs (sDP and sRP) depicting a clear pattern
between the two groups based on cytokine SHAP values.

PTX3 showed varying patterns, with higher contributions in the sDP group. This aligns with its potential
role as an indicator of immune response, particularly in severe cases of COVID-19°%%. The expression patterns
of PTX3 across different PPGs suggest its potential in monitoring disease progression. TNFSF10, displaying
low expression levels in the sDP group compared to other PPGs, indicates its potential role in preventing severe
disease progression®*-%. This finding suggests that an innate immune response mediated by TNFSF10 may be
involved in mitigating severe outcomes in COVID-19.

By analyzing a comprehensive dataset combining cytokine profiles with electronic health records, key
biomarkers that contribute to disease severity and progression have been identified. The cytokines including
PTX3, GDF15, CXCL10, and TNESF10 are differentially expressed between the DP and RP of COVID-19,
particularly in patients in sDP. The elevated expression levels of PTX3 and GDF15 observed in patients with sDP
may be indicative of abnormal inflammation, which is a characteristic of severe COVID-19*42, PTX3 has been
shown to be a regulator of inflammation and is associated with disease severity and mortality in COVID-19%.
Similarly, GDF15 is induced by inflammation and has been proposed as a biomarker for severe COVID-19%.
The expression levels of CXCL10 and TNFSF10 exhibited a negative relationship in our study. CXCL10 was
highly expressed in patients with sDP, while TNFSF10, a cytokine involved in innate immune responses, showed
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Cytokines | P-adj ARank
CD274 0.000007 | -
FLT3LG 0.000008 | -
CXCL10 0.000657 | + 10
TNESF10 0.002169 | + 54
GDF15 0.002182 | 4+ 20
ERBB2 0.002901 | + 31
PTX3 0.003023 | +8
CSF1 0.003947 | -
SERPINA4 | 0.004319 | —2
PROS1 0.005541 | — 1
S100A12 0.005589 | — 8
MPO 0.006934 | + 60
HGF 0.007946 | + 57
ST2 0.010413 | + 30
LGALS9 0.012140 | — 11
VCAM1 0.014725 | — 11
IL3 0.019497 | + 52
LBP 0.029396 | — 8
ADAMTS13 | 0.038749 | —7
FCER2 0.039913 | + 42
BDNF 0.042778 | + 47
TIMP1 0.046956 | + 34

Table 3. Significant cytokines and their rank variations in severe versus moderate PPGs. The results of ¢-tests
comparing cytokine SHAP values between the DP and RP groups in severe patients are shown. Here, ARank
represents the rank difference of each cytokine between the severe and moderate PPGs in terms of SHAP value.
A positive ARank indicates that the cytokine has a higher rank in the severe PPGs compared to the moderate
PPGs and vice versa, while ‘- indicates no change in rank. For example, CXCL10 was ranked third in severe
PPGs and the thirteenth in moderate PPGs, resulting in ARank = + 10.

lower expression levels. This suggests that a lack of early and adequate innate immune response, mediated by
TNFSF10, may contribute to the development of severe COVID-19 characterized by heightened inflammation
and high levels of CXCL10***4, Moreover, these cytokines are involved in specific signaling pathways that
contribute to the pathophysiology of COVID-19. For instance, CXCL10 is a ligand for the CXCR3 receptor
and activates the JAK-STAT signaling pathway leading to the production of pro-inflammatory cytokines and
chemokines*®. TNFSF10 binds to its receptors and activates the NF-xB and MAPK signaling pathways, which
are involved in regulating immune responses and cell survival‘®. These signaling pathways are involved in the
excessive inflammatory response and tissue damage observed in severe COVID-19%78, PTX3 and GDF15 are
also involved in the regulation of the NF-+xB and MAPK signaling pathways, respectively**>0,

In addition to the well-established cytokines, ERBB2 and S100A12 were also identified as PPG differing
candidates. ERBB2, traditionally associated with oncogenic processes, showed a potential link to COVID-19
severity in the analysis, suggesting its involvement in key pathological pathways of the virus®'~>3. Similarly, the
significant upregulation of S100A12 in severe COVID-19 cases aligns with recent studies identifying it as a
marker for severe disease manifestations->°.

The ability to detect meaningful patterns and relationships in complex biological data shows possibility
for advancing the understanding of COVID-19 and other diseases. Further research is needed to validate
these findings in larger cohorts and to investigate the mechanistic roles of the identified cytokines in disease
progression. It is important to acknowledge the limitations of the current study. The analysis is based on data
from a single geographic region, and validation in diverse populations is necessary to generalize the findings.
Moreover, integrating the results with transcriptomic data could provide a more comprehensive view of the
molecular mechanisms underlying COVID-19 progression.

While our study has identified several cytokines (CXCL10, GDF15, TNFSF10, PTX3) that are relevant for
distinguishing DP and RP, we acknowledge that we have not fully developed and validated a comprehensive
model to differentiate all four PPGs based on their time-scale dynamics. Thus, limitations remains to be solved.

Conclusion

The integration of SHAP value analysis with machine learning has provided insights into the complexities of
COVID-19 progression. Our study identified key cytokines, including PTX3, GDF15, CXCL10, and TNFSF10,
that are potentially involved in the pathophysiology of severe COVID-19. These cytokines are associated with
heightened inflammation and dysregulated innate immune responses, and they are involved in specific signaling
pathways that contribute to the inflammatory response and disease progression. To further advance our
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Fig. 7. SHAP values of highly ranked cytokines in severe samples. (a) The SHAP values for moderate PPGs,
including the mDP and mRP. CXCL10 and GDF15 consistently show positive contributions to severity in
mDP. In contrast, PTX3 and TNESF10 exhibit different patterns compared to the severe PPGs. (b) The SHAP
values for severe PPGs, including the sDP and sRP. In the severe PPGs comparison, all significant cytokines
demonstrate positive contributions to severity, with consistent patterns across sDP and sRP. Notably, when
comparing severe PPGs to moderate PPGs, PTX3 and TNFSF10 show robust variation, particularly in sDP,
while moderate PPGs display a broader range of SHAP values for these cytokines.

understanding of COVID-19 pathophysiology and develop effective management strategies, future research may
focus on validating these findings in a larger and more diverse cohort. A possible approach for future research
is the development of a scoring system to quantify the modulation of inflammation based on the expression
levels of key cytokines. Addressing the limitations of the current approach will be helpful in offering a more
comprehensive understanding of COVID-19 pathophysiology.
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sDP group compared to the other PPGs. (b) PPI network of the four cytokines showed their relationship as
associated manner. The four cytokines are marked with a red star. As show, the four cytokines were closely
connected to each other.

Data availability

The dataset of the COVID-19 cohort used in this study are available in the Clinical and Omics Data Archive
(CODA) database by the accession number CODA_D23017, https://coda.nih.go.kr. All code used in this study
is publicly available on GitHub at https://github.com/cobi-git/Cyotkine-SHAP-COVID-19.
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