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Abstract

Background and Objective: COVID-19 manifests with a broad range of symptoms. This
study investigates whether COVID-19 can be differentiated from other causes of respiratory,
gastrointestinal, or neurological symptoms.

Methods: We surveyed symptoms of 483 subjects who had completed COVID-19 laboratory
tests in the last 30 days. The survey collected data on demographic characteristics, self-reported
symptoms for different types of infections within 14 days of onset of illness, and self-reported
COVID-19 test results. Robust LASSO regression was used to create three nested models. In all
three models, the response variable was the COVID-19 test results. In the first model, referred

to as “main effect model,” the independent variables were demographic characteristics, history
of chronic symptoms, and current symptoms. The second model, referred to as “hierarchical
clustering model,” added clusters of variables to the list of independent variables. These clusters
were established through hierarchical clustering. The third model, referred to as “interaction terms
model,” also added clusters of variables to the list of independent variables; this time clusters
were established through pairwise, and triple-way interaction terms. Models were constructed on
a randomly selected 80% of the data and accuracy was cross validated on remaining 20% of the
data. The process was bootstrapped 30 times. Accuracy of the three models was measured using
average of cross-validated Area under the Receiver Operating Curves (AROC).

Results: In 30 bootstrap samples, the main effect model had an AROC of 0.78. The hierarchical
clustering model had an AROC of 0.80. The interaction terms model had an AROC of 0.81. Both
the hierarchical cluster model and the interaction model were significantly different from main
effect model (alpha =0.04). Patients with different races/ethnicities, genders, and ages presented
with different symptom clusters.

Conclusions: Using clusters of symptoms, it is possible to more accurately diagnose COVID-19

among symptomatic patients.
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Introduction

Methods

Diagnosis of COVID-19 in the community continues to be fraught with difficulties.
COVID-19 is a systemic disease that presents with a variety of symptoms [12]. New
variants of SARS-CoV-2 may present with different symptoms [3]. Patient age groups have
been shown to manifest different COVID-19 symptoms [#5]. Early and late progression of
COVID-19 have different manifestations [6:7]. The order of occurrence of symptoms may
matter [8:9]. Furthermore, simple rules of predictions based on symptoms most frequently
associated with the disease are poor predictors of COVID-19 [19]. Further, algorithms that
assume symptoms are independent of each other have proven to have low accuracy [8].
One way to resolve these challenges in diagnosing COVID-19 is to examine clusters of
symptoms.

Symptom clusters occur in many diseases, from chronic kidney disease [*1] to cancer [1?],
to COVID-19 [13]. Symptoms are often correlated with each other [14:15]. For example,
nausea-vomiting, anxiety-depression, and dyspnea-cough clusters are common in cancer
patients [16]. Symptom clusters can differentiate response to treatment better than clinician’s
diagnosis [17]. For example, symptom clusters affect quality of life [18] and patients’ ability
to function [19]. It is evident from the published literature that symptom clusters matter. The
current study examines if symptom clusters can improve accuracy of triage decisions for
patients suspected of COVID-19.

This study compares two approaches for constructing symptom clusters: (1) hierarchical
clustering and (2) use of interaction terms. Historically, scientists have used hierarchical
clustering [2%-21] to combine variables and create clusters. The second method, i.e., relying
on interaction terms to define clusters [22:23], of clusters to ability to predict the outcome.
Thus, in the second method clusters not only indicate subgroups of patients with similar
etiology but also with similar outcome and clinical response [24].

Source of Data:

Data were obtained from 483 patients who had taken a laboratory COVID-19 test, recruited
through online listservs (with permission of listserv administrator). Participants learned
about this study via emails to neighborhood listservs in the Washington DC area with the
permission of the moderators. Study team members also shared the link to the survey with
their personal networks. Individuals were directed to access the survey following a link at
the end of the invitation message/emails. The first thing in the link was the consent page and
then participant was directed to the survey.

Data were collected between November 2020 and January 2021, prior to widespread
vaccination and emergence of Delta variant of COVID-19. Participants were eligible if they
were adults, 18 years or older, and had a COVID-19 test within 30 days of participation

in the study. Participants with inconclusive or pending test results were excluded from the
analyses, resulting in 461 patients in the final analysis set. The majority of patients (90%)
had at least one symptom before taking the test.
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Dependent Variable:

Study participants self-reported the result of their COVID-19 laboratory test. The models
developed here predict whether the patient has COVID-19 or not. For patients who do not
have COVID-19, the model does not say which gastrointestinal, inflammatory, neurological,
or other diagnosis is consistent with the patients’ symptoms.

Independent Variables:

Study participants self-reported their current symptoms, history of chronic symptoms, and
demographic characteristics (age, gender, race, and ethnicity). The 29 examined symptoms
from different types of infections (and their prevalence in the study population) were:

1. General Symptoms 4. Inflammatory Symptoms

1.1. Fever or feeling feverish, (62%) 4.1. Joint/other unexplained pain (myalgia/arthralgia), (18%)
1.2. Muscle aches/myalgia, (35%) 4.2. Red/purple rash or lesions on toes, (5%)

1.3. Pinkeye/Conjunctivitis, (5%) 4.3. Unexplained rashes, (5%)

1.4. Fatigue (more than usual), (38%) 4.4. Excessive sweating, (7%)

1.5. Chills, (20%) 4.5. Bluish lips or face, (1%)

2. Neurological Symptoms 5. Respiratory Symptoms

2.1. Headaches, (45%) 5.1. Cough, (57%)

2.2. Loss of balance, (9%) 5.2. Sore throat, (38%)

2.3. New confusion, (6%) 5.3. Difficulty breathing (Dyspnea), (21%)

2.4, Unusual shivering or shaking, (11%) 5.4. Shortness of breath (Hypoxia), (20%)

2.5. Loss of smell, (8%) 5.5. Runny nose (Rhinorrhea/nasal symptoms), (58%)
2.6. Loss of taste, (20%) 5.6. Chest pain (chest tightness), (19%)

2.7. Numbness, (7%) 5.7. Wheezing, (23%)

2.8. Slurred speech, (3%)

3. Gastrointestinal Symptoms

3.1. Diarrhea, (28%)

3.2. Stomach/abdominal pain, (14%)
3.3. Change in or loss of appetite, (23%)
3.4. Nausea or vomiting, (16%)

The history of chronic symptoms included 4 variables measuring history of symptoms due
to chronic conditions: (1) history of respiratory, (present in 21% of patients), (2) history
of inflammatory, (present in 6% of patients), (3) history of neurological, (present in 9% of
patients), and (4) history of gastrointestinal symptoms, (present in 11% of patients).

Model Construction.

We examined the relationship between symptoms and COVID-19 test results using the

Least Absolute Shrinkage and Selection Operator (LASSO) regression models. The response
variable was COVID-19 test results. In regressions, robust predictors were identified by
randomly selecting 80% sample of training data and repeating LASSO regressions 23 times.
Variables that remained in 95% of the regressions were kept as robust variables. In addition,
in all LASSO regressions, we focused on large effects. The variable was ignored if the
absolute value of regression coefficient did not exceed 0.01.

It is often useful to compare the performance of the model to accuracy of other models

or clinical expectations. We have reported the accuracy of naive models in a separate
publication [2%]. Naive Bayes model was not accurate enough to be used in a clinical setting.
In contrast, the LASSO regression model provides a high enough cross-validated accuracy
that can be used in clinical triage decisions. The main rationale for selecting LASSO
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regression is its ability to perform variable selection, and straight-forward interpretation

of coefficients. In contrast, methods such as ridge regression or elastic net, perform
“smoothing” of coefficients to remove extreme values, thus not allowing for the direct
interpretation of the coefficients. In a separate paper in this supplement, we provide details
of how the cluster of symptoms can also be used to increase accuracy of home tests [29].

Different Clustering Approaches:

Accuracy:

We examined three different methods of constructing symptom clusters:

1 Main Effect Model: COVID-19 test results were LASSO regressed on main
effects (with no clusters or interaction terms) of symptoms, demographics (age,
race, and ethnicity), and history of symptoms due to a chronic condition. Robust
predictors were then selected as those that are most predictive of COVID-19
diagnosis. The main effect model assumes that no symptom cluster is used in
predicting COVID-19 (see Supplement 2 for complete analysis).

2. Hierarchical Clustering Model: We combined predictors using hierarchical
clustering and then built models for predicting COVID-19 using the identified
clusters. Agglomerative clustering was applied to create a hierarchy of symptom
clusters. Norm-1 similarity was used in which distance between two symptoms
was defined as the number of people in the data that do not share the same
symptom (other similarity measures, including Jaccard, led to comparable
results). Hierarchical clustering was done separately for positive and negative
COVID-19 cases. An optimal cut-off point in the hierarchical dendrogram was
identified that maximized the accuracy of the models in the training data (see
Supplement 3 for complete analysis).

3. Interaction-Term Model: Symptom clusters were identified through interaction
terms in LASSO regression. As before, the response variable was COVID-19 test
result. The independent variables were single, pair, and triplets of demographics,
symptoms, and history of chronic symptoms.

For all models, robust LASSO regression was used to select the most predictive predictors.
The regularization strength (lambda) was optimized to the maximize cross-validated
accuracy within the training set (see Supplement 4 for complete analysis).

The proposed regression models were developed in 80% of data and cross-validated in 20%
of data set aside for validation. The process was repeated 30 times for randomly selected
subsets. The average Area under the Receiver Operating Curve (AROC) was reported as the
measure of cross-validated accuracy of predictions.

Online Supplements:

Python source code and complete analysis are available in Jupyter Notebook and HTML
format. Supplement 1 includes common functions and Supplements 2—4 construction and
testing of specific models.
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IRB Approval:

Results

This study was approved by George Mason University IRB number 1668273-8.

Table 1 describes the demographic distribution of the study participants. Most participants
were white, Non-Hispanic/Latino, and between 25 to 44 years old. A large proportion of the
study participants (42%) were healthcare or essential workers.

The hierarchical clusters of positive COVID-19 cases are shown in the dendrogram in Figure
1. Similarly, the hierarchical clusters of negative COVID-19 cases are shown in Figure 2.
Comparison of the figures show clear differences in clusters between positive and negative
cases. The optimal number of clusters when using hierarchical clusters was 15, most of
which were single-predictor clusters.

Table 2 provides coefficients from LASSO logistic regression models. Empty cells
correspond to the variables dropped by LASSO or not present in the first place. The main
effect model had average AROC of 0.78 (variance 0.00199) , the lowest accuracy level. In
this model all predictors (except age 30 years or older) increased probability of COVID-19.
By themselves, headache (1.06), chest pain (0.69), cough (0.43) and loss of taste (0.38) were
the strongest predictors of COVID-19 diagnosis.

Table 2 shows the average AROC, sensitivity, and specificity for the three models. When
hierarchical clustering was used as predictors of test results, the average AROC was 0.79
(variance 0.00295). At the most optimal cutoff point, the hierarchical cluster technique
identified 10 clusters, 8 of which were individual predictors. The 2 combinations of
symptoms were: (1) “cough, fever, runny nose, and headaches,” with regression coefficient
of 1.57; and (2) “chest pain, difficulty breathing, wheezing, chills, and shortness of breath,”
with regression coefficient of 2.22.

The Interaction-Term cluster model had average AROC of 0.81 (variance 0.00279) the
highest AROC value (see Table 2). Surprisingly, no main effects, were present in this
model, showing that symptom clusters were more predictive of COVID-19 than any single
symptom. The strongest predictor positively associated with COVID-19 diagnosis was
“fatigue & chest pain among white individuals,” with regression coefficient of 1.56. The
strongest predictor that was negatively associated with predicting COVID-19 was “runny
nose, observed among non-Hispanic or Latino individuals,” with regression coefficient of
-0.91.

The impact of symptom clusters on diagnosis of COVID-19 depended on the age, gender,
and race of the patient, as patients in different demographic subgroups presented with
different symptom clusters. Table 2 shows symptom clusters in distinct demographic
subgroups. Race was a factor in 7 clusters. Ethnicity was a factor in 6 clusters. Age appeared
in 2 clusters. Likewise, female gender appeared in 2 clusters.

In 30 bootstrap samples, the Interaction-Term cluster model was significantly more accurate
than the main-effect model (paired t-statistic 5.43, 29 degrees of freedom, p = 0.00). The
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Hierarchical Clustering model was not more accurate than the main-effect model (paired
t-statistic = 1.50, degrees of freedom = 29, p = 0.07).

Figure 3 visualizes the LASSO regression with clusters using network modeling procedures
[27]. All clusters that predict COVID-19 are shown, yellow nodes show clusters that

increase the probability and blue rectangles show clusters that reduce the probability of
COVID-19. The impact of listed single symptoms, single history of chronic symptom, or
single demographic characteristics are mediated through these clusters. It is important to
note that 10 single symptoms were not present in any of the clusters and are not listed

in Figure 3. Those were slurred speech, diarrhea, bluish lips, confusion, unexplained rash,
shivering, abdominal pain, excessive sweating, loss of balance, and red rash. In addition,
history of neurological, gastrointestinal, and immune function symptoms did not show in the
final regression equation and are not listed in Figure 3.

Discussion

The Interaction-Term model has a cross-validated AROC of 0.81, which is a relatively high
level of accuracy and can be a clinically meaningful screening method for COVID-19. This
level of accuracy is comparable to in-home, rapid, antigen test results [28]. Currently, the
Centers for Disease Control (CDC) website provides a list of symptoms and no guidance
on how to use these symptoms in diagnosis of COVID-19 [29]. Now that COVID-19 is
endemic, clinicians need advice on how to diagnose COVID-19 from its symptoms. To
date, this has not been possible because symptom screening has not been accurate enough
to be used in clinics or triage decisions. This study showed that symptom clusters can
improve the accuracy of diagnosis of COVID-19 to levels that are more acceptable in
clinical management of patients.

We acknowledge that the interaction-term model developed here (and the associated
symptom clusters), while accurate, is difficult to use by unaided clinicians. The existence of
smart phones, and access of a large portion of the population to the Internet, suggests that
these models can be made part of an internet service. Patients can describe their symptoms
to the service; it can score symptom clusters, and report if the patient is likely to have
COVID-19. The patients can then report the service’s presumed diagnosis to their clinician,
who can use the service’s findings as any laboratory test. It may be possible to overcome
the difficulty of implementing the proposed screening of symptom clusters using an Internet
service.

The Interaction-Term symptom cluster model was more accurate than the main-effect model,
suggesting that clusters and not individual symptoms are helpful in diagnosis of COVID-19.
The improvement in AROC was small but more pronounced when examining sensitivity/
specificity: At constant specificity (0.93), cluster of symptoms increased sensitivity by 9
points (from 0.45 to 0.55) compared to the sensitivity of the model built on individual
symptoms. In addition, the LASSO regression with interaction terms excluded any single
symptom, suggesting that symptom clusters are more predictive than single symptoms.

Qual Manag Health Care. Author manuscript; available in PMC 2024 January 01.
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There are many explanations why symptom clusters can make diagnosis of COVID-19 more
accurate. Clusters of symptoms are combinations of symptoms that typically do not occur

in many patients, but when they do, they are highly predictive and add more information

to the diagnosis task. Similar findings have been reported in the literature, where symptom
clusters, not single symptoms, determine the patient’s response to depression treatment [3°].

A review of statistically significant variables in the Interaction-Term model suggests that
based on age, gender, race, and ethnicity different symptom clusters are useful in diagnosing
COVID-19. For example, Cough among 18- to 29-year-old females was predictive of
COVID-19 (coefficient of 0.36). Similarly, runny nose among non-Hispanic/Latinos was
helpful in ruling out COVID-19 [also see 8]. These and other clusters show that symptoms of
COVID-19 may vary based on demographic characteristics. There are many reasons for this,
younger patients have fewer comorbidities and may not express the same symptoms as older
patients for the same disease [31]. Men and women differ in expression of symptoms for
same underlying disease [32:33]. Finally, racial differences in presentation of diseases have
been known to occur. This study contributes to the growing literature that symptoms must be
evaluated within age/gender/race groups.

Limitations

This study had several limitations. First, the models that were constructed relied on a
relatively small data sample, collected between October 2020 and January 2021, with only
one variant of SARS-CoV-2 virus known to be prevalent at the time of data collection.
Larger sample size may allow for discovery of more combinations of symptoms uniquely
present in COVID-19 patients. Bigger data many include variables excluded by current
model but reported in the literature [19].

The participants’ age and gender distribution in our study sample does not correspond to the
distribution of age and gender within the United States population. Our findings may not
generalize to United States population.

COVID-19 test results were self-reported and established by a variety of diagnostic tests.
This may have introduced bias in accurately assessing the true positive COVID-19 test
results.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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( Symptom clusters with positive coefficient )

| Symptom clusters with negative coefficient |
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Figure 3.
Bayesian network model for predicting COVID-19
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Characteristics of study sample

Variable

Number of Cases (%)

COVID-19 Test Results

Negative 330 (68.32%)
Positive 131 (27.12%)
Results Pending 15 (3.11%)
Inconclusive 7 (1.45%)
Age

18-24 84 (17.39%)
25-34 210 (43.48%)
35-44 156 (32.30%)
45-54 20 (4.43%)
55-84 13 (2.69%)
Gender

Female 279 (57.76%)
Male 203 (42.03%)
Ethnicity

Hispanic Latino 60 (12.42%)
Non-Hispanic/Latino 401 (83.02%)
Unknown 22 (4.55%)
Race

Other 18 (3.75%)
Asian 25 (5.18%)
Black or African American 60 (12.42%)
White 380 (78.67%)
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Table 2:
Robust LASSO Logistic Regressions
Model Main Effects | 'Mteraction-Term Hci'fag’g}incg"
Average Area under the Receiver Operating Curve 0.78 0.81 0.79
Variance of Area under the Receiver Operating Curve 0.0019 0.0027 0.0029
Average Sensitivity 0.64 0.67 0.64
Average Specificity 0.82 0.85 0.86
Total number of possible predictors 47 17,343 23
Number of robust predictors 11 23 10
Coefficients of LASSO Regression Models
Predictors Main Effect ! nteracltjisft)gr- ;’er " Héﬁj;rg; :105‘]
I nter cept -2.21 =177 -2.03
Cough 0.43
Chills 0.37
Headaches 1.06 0.61
Joint pain 0.35
Chest pain 0.69
Runny nose -0.55
L oss of smell 0.17
Loss of taste 0.38 0.77
Loss of appetite 0.27
Difficulty breathing 0.20
Muscle aches 0.22
History of respiratory symptoms 0.24
Age 30+ -0.26 -0.55
White 0.11 0.38
Female 0.33
Cough, fever, runny nose & headaches 1.57
Chest pain, difficulty breathing, wheezing, chills & shortness of 299
breath
Fever & age 30+ -0.44
Muscle aches & headaches 0.69
Numbness & non-Hispanic/ Latino -0.57
Runny nose & non-Hispanic/ Latino -0.91
Cough, fever & runny nose 0.54
Cough, loss of taste & fever 0.32
Headaches, cough & runny nose 0.59
Headaches, cough & White 0.64
Headaches, chills & White 0.63
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Model Main Effects |~ 'Mteraction-Term Héf;gg}fg"
Sorethroat, fever & runny nose 0.47
Fatigue, chest pain & White 1.56
Cough, loss of taste & runny nose 0.06
Sorethroat, chills& female -0.21
L oss of appetite, cough & White 0.47
Loss of smell, cough & loss of taste 0.91
Cough, age 18t0 29 & female 0.36
Fatigue, cough & non-Hispanic/L atino -0.26
Pinkeye, headaches & non-Hispanic/Latino 0.71
History of respiratory symptoms, cough & runny nose 0.20
History of respiratory symptoms, cough & White 0.60
History of respiratory symptoms, muscle aches & cough -0.63
Headaches, loss of taste & non-Hispanic/Latino 0.39
History of respiratory symptoms, muscle aches & age 30+ -0.86
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