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ABSTRACT

Background: Post-acute sequelae of COVID-19 (PASC) is a growing healthcare and
economic concern affecting as many as 10%-30% of those infected with COVID-19.
Though the symptoms have been well-documented, they significantly overlap with other
common chronic inflammatory conditions which could confound treatment and
therapeutic trials.

Methods: A total of 236 patients including 64 with post-acute sequelae of COVID-19
(PASC), 50 with myalgic encephalomyelitis-chronic fatigue syndrome (ME-CFS), 29
with post-treatment Lyme disease (PTLD), and 42 post-vaccine individuals with PASC-
like symptoms (POVIP) were enrolled in the study. We performed a 14-plex
cytokine/chemokine panel previously described to generate raw data that was
normalized and run in a decision tree model using a Classification and Regression Tree
(CART) algorithm. The algorithm was used to classify these conditions in distinct groups
despite their similar symptoms.

Results: PASC, ME-CSF, POVIP, and Acute COVID-19 disease categories were able
to be classified by our cytokine hub based CART algorithm with an average F1 score of
0.61 and high specificity (94%).

Conclusions: Proper classification of these inflammatory conditions with very similar
symptoms is critical for proper diagnosis and treatment.



INTRODUCTION

A number of authors have identified overlapping symptom presentations of long Covid
with similarities to ME/CSF*?, PTLD and other postinfectious chronic medical disorders®
There are, however, clear etiological differences and pathphysiological differences in

these conditions that necessitate precision medicine tailored therapies.

A recent report suggested the use of cytokine hubs to more precisely categorize
autoimmune diseases with the stated goal of using the information as therapeutic
targets as the expansion of immune based therapy grows®. The heterogeneity of
immune-mediated inflammatory diseases (IMIDS) described in the prior publication also
applies to post-infectious immune-mediated and inflammatory conditions currently in the
discussion of post-infectious sequelae of COVID-19 (PASC) and the focus of this report.
Unlike the previous publication, PASC-like conditions share many of the same
symptoms making diagnosis and, ultimately, treatment more difficult®®. Here, we

present a machine learning approach to classifying these symptom related conditions.



METHODS

Patients

After written informed consent was obtained, the immunological lab results were used
for the current analysis. 236 patients including 64 with post-acute sequelae of COVID-
19 (PASC), 50 with myalgic encephalomyelitis-chronic fatigue syndrome (ME-CFS), 29
with post-treatment Lyme disease (PTLD), and 42 post-vaccine individuals with PASC-
like symptoms (POVIP) defined as COVID-negative (nucleoprotein Ab negative, T-cell
immunity negative) individuals with PASC-like symptoms 3 months after the last

vaccination shot.

Multiplex Cytokine Quantification
Fresh plasma was used quantification of the following analytes: TNF-a, IL-4, IL-13,IL-2,
GM-CSF, sCD40L, CCL5 (RANTES), CCL3 (MIP-1a),IL-6, IL-10, IFN-y, VEGF, IL-8,

and CCL4 (MIP-1B) as previously decribed®.

Data Acquisition and Processing

A dataset comprising six categories [Mild-Moderate acute COVID, Severe acute
COVID, PASC, POVIP, ME-CSF and PTLD individuals] was derived from flow
cytometry analysis. The data consisted of a total of 16 columns represented by an
anonymized sample identifier, and the last column was the class or disease state
assigned to the individual. The raw dataset was imported into python 3.9 using the

pandas library®. The identifier column was converted to an index to avoid using in model



construction. The class label was removed from this dataset and assigned into a new

variable (target).

The dataset comprising the cytokine profiles was normalized using L2 normalization,
also known as the Euclidian normalization. The L2 nonrealization approach calculates
the distance of a given vector of values, such as the cytokine values for each data point
or instance from the origin of the vector space. The implementation of the L2
normalization or Euclidaian norm results in a positive value. The implementation of the
L2 norm can be supported by the notion our model is focused on identifying the
differences between classes, thus the signal or pattern that characterizes each class
and not the effect of the magnitudes on each class™. The two datasets (cytokines
profiles and targets/labels) were used to train a machine learning classifier using

decision trees to classify the individuals according to their disease state.

Multiclass classification of disease states using a decision tree model

The processed feature set and targets (labels) were used to train a decision tree model
using the Classification and Regression Trees (CART) algorithm in scikit-learn'!. The
model was fine-tuned using GridSearchCV*? from scikit-learn. To fine-tune the model,
we selected the following hyperparameters: maximum number of features, the minimum
number of samples to split a node, the minimum number of samples per node, the
maximum depth of the tree. The hyperparameter corresponding to the weight of each

class was set to balanced to counter for class imbalances in the dataset. Additionally,



the impurity criterion was defined as the Gini impurity value. The cross validation was

set to 10-fold cross validation with 3 repeats.

The resulting decision tree was used to further calculate a confusion matrix in order to
visualize the model’s predictive power as well as a “leave one out cross-validation”
(LOOCV). The confusion matrix was used to generate a classification report with the
relevant predictive metrics and the LOOCV was used to calculate the F1-score which
uses the harmonic means of precision and recall; combining them into a performance
metric ranging from 0 (poor performance) to 1 (perfect performance). The resulting tree
was then plotted to visualize the separation of the classes based on the different
cytokines, allowing a potential identification of which cytokines and values define each

class.

RESULTS and DISCUSSION

The symptoms of post-acute sequelae of COVID-19 (PASC) have been widely
reported®® and significantly overlap with myalgic encephalomyelitis-chronic fatigue
syndrome (ME-CFS)’ and with post-treatment Lyme disease (PTLD)®. In addition, we
included patients, of unknown prevalence, who are post-vaccine individuals with PASC-
like symptoms (POVIP) in the present study (Figure 1). These patients experience
PASC-like symptoms 3 months minimum post-vaccination in the absence of COVID 19

infection.

By using a decision tree classifier, Classification and Regression Trees (CART), we

developed an algorithm to propose a simple but powerful predictive model with high



interpretability, a characteristic of great importance when attempting to understand
differences between disease states. Our model had an average weighted F1 score of
0.61, which was variable due to the stochastic nature of both the model and the dataset.
As shown in Table 1 and in the confusion matrix (Supplementary Figure 1), the model
was robust in its ability to identify four of the six classes of disease states (e.g. Mild to
Moderate COVID-19, Severe COVID-19, PASC and ME-CSF). However, some
misclassification was demonstrated in the remaining two classes (POVIP and Lyme)
that was most likely due to overlapping cytokine hubs. The confusion matrix, however,
could indicate that the immune contribution to these two states were similar. Moreover,
the addition of clinical data as well as other immunological parameters could potentially

separate these two conditions and further increase the model’s predictive power.

The highest performance metrics after fine-tuning was provided by the CART decision
tree (Fig. 2) when data were plotted using a scikit-learns internal tree plotting function
and python’s matplotlib (Supplementary Fig. 2). As shown in the plotted tree (Fig 2,
Supplementary Fig. 2), we demonstrate that the CART algorithm was capable of
constructing splitting and terminal hubs with low Gini impurity values and high F1 scores
for those classes shown previously in the confusion matrix (Supplementary Fig. 1). In
the POVID and PTLD classes, splitting hubs with higher Gini impurity values were
observed. The identification of these hubs supports the possibility that the immune

profiles of both Post-Vax and Lyme individuals have similar cytokine patterns.

The cross-sectional nature of data included in this report provided a unique opportunity
to explore the effectiveness of measuring cytokine hub signatures beyond populations

originally described in the Schett et al. Because our study also included participants



post-vaccination either positive or negative serology, we were able to compare the
prevalence of persistent physical symptoms according to these two variables. We were
also able to classify patients with symptoms related to COVID-19 infection alone (pure

PASC).
CONCLUSIONS

We agree with the conclusions of Schett et al.* that targeting of individual cytokines
underlying the immunopathogenesis of these conditions may provide a powerful new
tool in the treatment of these immunologically-mediated disorders using precision

medicine. Further study is necessary to elucidate how pathogen or antigen persistence

may contribute to the classification presented here'®**.
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FIGURE LEGENDS

Table 1: Performance metrics for the classification of the six disease states in this
report.

Figure 1. Symptoms in POVIP separated by vaccine type.

Figure 2. Schematic of the fine-tuned decision tree model implemented with CART
(Supplementary Figure 2). The plotted decision tree with the highest performance for
class separation following fine-tuning with grid search and cross validation. Cytokine
origination hubs are round, defining cytokine hubs are in rectangles and disease states
are in hexagons. The resulting tree had a maximum depth of 6 splitting hubs, and used
the Gini impurity criterion, which measures the probability value of misclassifying a
randomly selected event or individual from the dataset if such an element were
randomly labeled based on its class distribution in the dataset.

Supplementary Figure 1. Confusion matrix generated by the analysis of the dataset
using the fine-tuned CART model. The matrix represents the analysis of the dataset
using the highest performing model after tuning and internal cross-validation. The
diagonal is the classification of each class as its own (true positives). Left and right of
the diagonal for each class are the misclassifications of individuals from that class as
belonging to other disease states (false negatives). The colored bar on the right side
provides a reference for classification and misclassification, with darker colors (lower
values) preferred for the latter.

Supplementary Figure 2. Visualization of the fine-tuned decision tree model
implemented with CART. The plotted decision tree with the highest performance for
class separation following fine-tuning with grid search and cross validation. Included are
node impurity scores according to the Gini impurity criterion. Additionally, the tree
provides the node splitting threshold for the cytokines (features) used in model
construction, and the number of individuals per class for each splitting or terminal node
(in square brackets). Each of the six

classes (MM, Severe, PASC, Post-Vax, ME-CSF and Lyme) was assigned a different
color upon separation and potential classification.
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Table 1. Performance metrics for the multi-class decision tree predictor constructed using the CART
algorithm. For each class in the dataset the true and false positives and negatives were identified from the
confusion matrix. The recall, precision, specificity and the F1 score were calculated for each class and a
macro or average value for each metric was also obtained (bottom row).

Class Recall Precison Specificity F1 Score

MM 08846 07419  0.9619 0.8070
Severe 06000 07143 09716 0.6522
PASC 08438 08308  0.9360 0.8372
POt 08333 06140  0.8866 0.7071
Vax
ME- 57000 06604  0.9032 0.6796
e . . . .
Lyme 01724 05556  0.9807 0.2632

Average 0.6724 0.6862 0.9400 0.6577



Number of Reported Symptoms by Vaccine
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