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Abstract—Combining engineering, selection of medical fea-
tures, and machine learning, we implemented binary classifiers
to predict the diagnosis and prognostic outcome of COVID-19.
Different models were used based on resources split according to
cost and complexity. For both diagnostic and prognostic models,
the selection of more costly features did not significantly increase
classifier performance, and therefore does not justify the need for
expensive diagnostic tests when basic over-the-phone questions or
auscultation suffice. A model was also implemented to compare
our predictions to a study where the scoring of lung ultrasounds
by specialists was used to predict the prognostication of patients
[1], and comparable results were obtained.

I. BACKGROUND

The COVID-19 disease, caused by SARS-CoV-2 virus, was
first identified in Wuhan (China) in December 2019 and was
declared a pandemic by the World Health Organization in
March 2020. The health systems are overwhelmed by the
number of patients requiring medical care and the rapid propa-
gation of the disease. Currently as no cure exists for COVID-
19 and as an early intervention could reduce the mortality
[2], there is a need to improve diagnostic and prognostic
predictions in order to better allocate resources where they
are needed most. While high-accuracy tests do exist (RT-PCR
and CT scans), these rely on expensive and limited centralised
resources, causing bottlenecks and delays that render results
useless, and are unaffordable in low-income settings. Thus,
there is a need to find predictive patterns in clinical data and
exams that may assist triage in peripheral screening centers.
However, due to the non-specific presentation, the predictive
patterns in these data are not easily discernable by humans.
This study explores machine learning methods to optimize
these predictions based on heterogeneous data.

II. AIM AND OBJECTIVES

Aim: To improve the probabilistic methods to predict the
diagnosis and prognosis of COVID-19 while conserving re-
sources using machine learning.

Objectives:
• To develop and compare predictive models for the diag-

nosis of COVID-19 based on several selected feature sets
(free, cheap, expensive)

• To develop and compare predictive models for prognos-
tication using several selected feature sets as above.

• To develop a prognostic model using machine learning
methods on human experts analyses of Lung Ultrasound
(LUS) and compare it to existing scores.

III. DATA EXPLORATION AND FEATURE ENGINEERING

A. Data

The dataset includes records of 170 adult patients who pre-
sented at the emergency department of the Lausanne Univer-
sity Hospital (CHUV) with lower respiratory tract infections
between March 6th and April 3rd 2020, among which 88
tested positive for SARS-CoV-2 [1]. A total of 303 features
were recorded as part of the health assessment. The following
subcategories englobe features based on the difficulty of
obtaining the information:

• ”Free” (i.e. possible to perform via telephonic contact):
demographic data (sex, age, weight, height), medical his-
tory (arterial hypertension, diabetes, asthma, renal fail-
ure...), symptoms (symptoms duration, dyspnea, fever...);

• ”Cheap” (i.e. requiring a clinical exam): signs (auscul-
tation, vital signs), point of care tests such as Lung
Ultrasound (LUS) with expert analyses of 10 different
zones of the lungs;

• ”Expensive” (i.e. invasive and costing significant
centralised resources): blood tests (Angiotensin 2,
Interleukin-6, Interleukin-8, TREM1 and C-Reactive Pro-
tein) and centralised paraclinical exams (chest X-ray).

In the following sections, cheap features will refer to the
combination of both free and cheap features; and expensive
features will refer to the combination of free, cheap and
expensive features. The outcomes investigated were:

• Diagnosis as measured by nasopharyngeal RT-PCR (88
patients COVID+ and 82 patients COVID-)

• Prognosis as assessed with a 30-day follow-up where
38 patients were categorised as mild (outpatient or hos-
pitalised without oxygenotherapy) and 50 patients were
categorised as severe (hospitalised with oxygenotherapy,
the Intensive Care Unit (ICU) or fatal).

For diagnosis, all samples were used. Because the prognosis
is related to the severity of COVID-19, only the 88 COVID-19
positive patients were retained. The prognosis prediction was
intended to be multi-class to discriminate risk on an ordinal
scale from outpatient, hospitalized, ICU and death. Yet, due to
the limited number of patients in each class, low performance
was obtained and the above binary label was preferred.

B. Study Design

First, features regarded as irrelevant for the study were dis-
carded (e.g. features collected after the outcome had occurred,



administrative features, etc.). The remaining 181 features were
divided into 3 feature sets described above (free, cheap,
expensive). Additionally, LUS features were considered alone.
As the diagnostic classifier is intended to be used in various
environments, features with environmental or geographic bias
towards certain societies, countries or cultures (sex, age,
weight, height, smoking habit, alcohol consumption and drug
abuse) were discarded. These features were, however, kept for
the prognostic classifiers, as they may influence the disease
severity. As an example: in some societies, an elderly person
may be more likely to be diagnosed with COVID-19 (nursing
homes in Switzerland) while this would not be the case in
other cultures. However, it has been observed that an elderly
person, regardless of geographical location, is more likely to
have more severe symptoms than a young person [3].

C. Data exploration

During an extensive data exploration, histograms were dis-
played and statistical analyses were conducted.

Relationships between features were represented with Jac-
cardian similarity matrices and with Pearson correlation ma-
trices. In order to reduce the dimensionality of the data,
features which we considered as combined information were
preferred to small sub-categories, redundant or strongly corre-
lated features. For example, neurologic disease was retained to
represent stroke and/or dementia and/or neuro disease; cardio-
vascular disease was kept to represent heart ischemia and/or
heart failure; symptoms duration was preferred to correlated
fever duration and cough duration; diastolic and systolic blood
pressures were kept and the average, tam, removed.

Binary features with rare occurrences (less than 5% of non-
null entries) were considered to lead to biased predictions, and
therefore discarded as well.

D. Feature engineering

For clarity, some features from the blood tests were cat-
egorized into different levels of gravity with respect to the
difference to the average physiological range (Hemoglobin,
Leukocytes, Neutrophils, Lymphocyte, Platelets, Urea, Asat,
Alat, Total bilirubin, CRP, Sodium, Potassium) [4], [5].

Chest X-ray and LUS were only performed on COVID-
positive patients, and were thus solely considered for prognosis
prediction. For each zone in which LUS was performed, five
boolean features representing the different observations were
recorded: ’NA’ (no measurement), 0 (normal), 1 (pathologic
B lines), 2 (confluent B lines), 3 (thickening of the pleura)
and 4 (consolidations). To reduce dimensionality, a single
feature was created for each zone combining the observations
as mentioned above using integers (0-4); 0 was also attributed
to missing recording to avoid a bias toward not recorded
zones. Additional binary features were created to indicate
whether the LUS abnormalities were multifocal (abnormali-
ties reported in at least 2 zones) or bilateral (abnormalities
affecting both lungs). A total LUS score and a normalized
LUS score (nLUS), normalized by the number of measured
zones (corrected for missing values), were also evaluated.

E. Handling missing data

Before the imputation of missing values, we identified
whether the missing values were biased towards a certain label
(not missing at random: NMAR) or if they were unbiased and
thus missing at random (MAR). Each feature was binarized
(0: missing, 1: otherwise). A Chi Square test of independence
was performed between each binarized feature and the label
(COVID-19 for diagnosis, outcome for prognosis). Features
with a p-value smaller than 0.05 were considered NMAR, and
thus removed. If the test assumptions were not met (at least
5 samples per category in the contingency table), a Fisher’s
exact test was performed instead. Features with a p-value
smaller than 0.05 were discarded. Eventually, 3 expensive
features were NMAR for the diagnosis datasets; 1 free and
14 expensive features were NMAR for the prognosis datasets.

Various methods were considered to process missing values.
Due to the limited number of samples, it was impossible to
simply discard samples with missing data. However, features
with more than 40% of missing values were discarded. K-
nearest neighbours (k-NN), a method commonly used to im-
pute missing data, was considered for the remaining features.
Because k-NN does not perform well in high dimensions,
especially with few data points, Pearson correlation was
computed between all features to impute the missing values
of each feature using only the features with which it was
mildly correlated. However, with a threshold of 0.5, most
features in the free and cheap datasets were only correlated
with themselves or with a single feature. k-NN was thus not
considered. Due to small datasets and insufficient correlation,
missing values were simply replaced by the median of each
feature. The mean was not considered because it is less robust
to outliers in skewed distributions.

IV. METHODS

Before applying any machine learning algorithm, each
dataset was split into a train set and a test set, by setting aside
20% of the data. The train sets were then normalized for each
feature by subtracting the min and dividing by max-min. The
parameters of the train sets were used to normalize the test
sets.

The same algorithms were considered to predict the diag-
nosis and prognosis: Ridge Regression, Logistic Regression
(using L1-, L2- or no regularization), Random Forest and
Neural Network. Adaptive and Gradient Boosting were also
considered but were quickly set aside due to their low perfor-
mance. Grid search was carried out with a 5-fold cross valida-
tion on the training set to determine the best hyperparameters
of each algorithm: the strength of regularization α for Ridge
Regression and λ for Logistic Regression, the number of trees
and the depth of each tree for Random Forest, the number of
nodes and the number of hidden layers for Neural Network.

Feature selection was an important aspect of the pipeline,
due to the large number of features and small amount of
samples. It was also fundamental to use the least possible
amount of clinical signs to save resources when diagnosing the
disease or when predicting its outcome. Different approaches



were explored to reduce the dimensionality of the previously
tuned models. Random Forest, regularized Logistic Regression
and Ridge Regression are embedded methods which naturally
assign each feature a coefficient related to its importance in
the classification process. The best features were selected by
setting a threshold of 0.02 for the minimum feature importance
(SelectFromModel). Wrapper methods (Recursive Features
Elimination and Backward Features Selection) were alterna-
tively considered. In Backward Feature Selection, features
performances were evaluated either by the p-value of each
feature (ordinary least squares, OLS) or by the performance
of the model when the feature was removed (Backward). For
Neural Network, Local Interpretable Model-Agnostic Expla-
nations (LIME), returning the contribution of each feature for
the prediction of a single sample, was used to extract the most
important features for each model. The maximum number of
selected features was set to 12 for pragmatic clinical reasons.
The hyperparameters of the algorithms were then further fine-
tuned on the reduced datasets.

Different metrics were computed to estimate the perfor-
mance of each model: accuracy, sensitivity (recall), specificity
and Area Under the Receiver Operator Curve (AUROC).
Sensitivity and AUROC are of particular interest for model
and feature selection, as false negatives are more important to
avoid in comparison to false positives in the context of infec-
tious diseases. However, sensitivity maximizes the detection of
patients with COVID-19 (for diagnostic predictions) and with
severe outcome (for prognostic predictions), at the expense
of the other classes. The classifiers thus tend to increase the
sensitivity at the expense of the precision. As such, AUROC
was preferentially used. In cases where multiple models had
close AUROC scores, the other metrics; accuracy, sensitivity
and specificity were considered in descending order. If the
decision was still ambiguous, models with features of lesser
cost were preferred. Classification results on the test sets were
displayed in the form of confusion matrices.

V. RESULTS

A. Objective 1: Diagnosis of COVID-19

The best models for predicting the diagnosis of COVID-19
are summarized in Table I. Based on AUROC, Random Forest
(with 102 trees of max. depth 3) was selected as being the best
approach for diagnostic prediction with free features (AUROC
0.742). For the same diagnostic prediction using cheap and
expensive features, unregularized Logistic Regression had the
highest performance with an AUROC 0.768 and 0.775 respec-
tively. Importance of significant features for each model can be
found in Figure 1a, darker shade represents higher importance
of the feature for the model.

B. Objective 2: Prognosis of COVID-19

The same considerations as in section V-A were taken into
account when selecting the best classifiers for prognostica-
tion. The best models and feature selection methods can be
found in Table I: unregularized Logistic Regression for the
free features (AUROC 0.833), Random Forest for the cheap

(AUROC 0.875) and expensive (AUROC 0.958) features (with
respectively 402 trees of max. depth 3 and 202 trees of max.
depth 3). The importance of the retained features can be found
in Figure 1b.

C. Objective 3: Lung ultrasound based prognostication

Unregularized Logistic Regression with Backward selection
resulted in the model with the highest AUROC score on the
LUS dataset (AUROC 0.783) (see Table I). The most relevant
features for classification were the nLUS score, the LUS score,
the multifocality and the bilaterality.

Diagnosis
Method Dataset Accuracy Sensitivity Specificity AUROC

Random Forest Free 0.735 0.8 0.645 0.742
(SelectFromModel)

Logistic (OLS) Cheap 0.765 0.8 0.737 0.768
Logistic (OLS) Expensive 0.765 0.867 0.684 0.775

Prognosis
Method Dataset Accuracy Sensitivity Specificity AUROC

Logistic (OLS) Free 0.889 1 0.667 0.833
Random Forest Cheap 0.889 0.917 0.833 0.875

(Recursive)
Random Forest Expensive 0.944 0.917 1 0.958

(SelectFromModel)
Logistic LUS 0.812 0.9 0.667 0.783

(Backward)

TABLE I: Evaluation of performance on the test sets for the
best COVID-19 diagnostic and prognostic predictors using
free, cheap, expensive or LUS features

VI. DISCUSSION

A. Objective 1: Diagnosis of COVID-19

Comparing the three best models with their respective
subsets of features, we can see that they have rather similar
scores for each metric (Table I). Looking closer at expensive
and cheap models, we can state that the costs at which
expensive features would come, may not sufficiently increase
the performance of the classification to justify the expenses.
The similar performances of these two models can be backed
up by the fact that they share 8 of their 12 most significant
features (see Figure 1a). The free model relies heavily on the
information from the symptoms duration and the presence of
fever, which both either play no, or only a small role in the two
other models. Interestingly, medical history of renal failure is
observed as a predictive factor for a COVID-19 positive test.
It is unexpected as Acute Kidney injury rather than chronic
renal failure has been identified as a predictor of COVID-19,
as it has been stated as a common complication [6]. Although
not observed in our model as the feature was discarded in the
prognosis datasets due to its rare occurrences (see Section III),
renal failure is listed by the CDC as a risk factor for severe
COVID-19. Chronic kidney disease is indeed known to create
immunodeficiencies that may predispose infection [7].

B. Objective 2: Prognosis of COVID-19

Predicting prognosis (in need of a hospital bed or not) had
seemingly more successful results than diagnostic prediction.



All three models have a relatively high AUROC score (Table
I), the other metrics follow the same trend. Although the ex-
pensive model has the highest overall metrics, all three models
categorize the patients’ needs quite loyally. In Figure 1b we
can observe less overlap between the most relevant features of
each model than in the diagnosis models (see section VI-A).
Solely among the free features, age played a major role in
deciding if a patient should be hospitalized, the duration of
the symptoms came in as a strong second, corroborating the
general current knowledge on the disease progression [8], [3].
When features requiring a clinical exam and invasive tests are
considered, the FIO2 % (fraction of inspired oxygen) in the
blood appeared as an important indicator of the patient’s status.
This measure has since been used to monitor whether the
condition of a person is deteriorating and more medical care
would be needed [9]. However, as FIO2 % is solely different
from the ambient oxygen content for patients receiving oxygen
and thus hospitalized, it is correlated with the outcome and
biases the model. cp respiratory rate, the number of breaths
per minute, also appeared as an important feature. This feature
coincides with the need for more oxygen or with difficulty
breathing, and thus with our current knowledge on the need
of more intense care (oxygen or respirator).

(a) diagnostic models

(b) prognostic models

Fig. 1: Relative importance of the most important features for
the best models for the diagnosis and prognosis prediction

C. Objective 3: Lung ultrasound based prognostication

According to Brahier et al. [1], the following metrics were
reported when medical professionals looked solely at the
nLUS score to distinguish between outpatients and admitted
patients: AUROC 0.8, sensitivity 81%, specificity 59%, posi-
tive predictive value (PPV) 88% and negative predictive value
(NPV) 45%. Since there were a total of 63 admitted patients
and 17 outpatients, this resulted in an overall accuracy of 75%.
PPV accounts for the number of accurate positive predictions
in respect to the total number of positive predictions, NPV
accounts for the correct negative predictions with respect to
the total negative predictions. Our prediction of prognostics
based on LUS resulted in a slightly lower AUROC of 0.783.
However, all other metrics were higher (see Figure I). A PPV
of 82% and a NPV of 80% were computed using the confusion
matrix representing classification of the test samples. Although
validation is limited to a small test set, we can conclude that
our model is an improvement compared to the model based
on nLUS scores. It should also be noticed that the model
established by Brahier et al. was not validated on a separate
set of patients, and might thus be overfitting the data.

D. Limitations

The main limitation of this study is the small sample
size. By dividing the data into train and test sets, we are
left with relatively few samples to train each model without
overfitting the data and to validate them. This is especially
the case for the prognostic data as only the 88 COVID-19
positive patients were retained. We noticed that our diagnostic
models perform slightly poorer than our prognostic models
on their larger validation test sets, which is unexpected as
more samples were considered to train the models. This could
point to the fact that we may be overfitting our models
regardless of our attempts (feature restriction, cross-validation)
to avoid this phenomenon. Neural Networks yielded relatively
good performances before the feature selection, but after
selecting only the twelve best features using LIME, the overall
performance for prognosis decreased. It is likely that the
selected features were not sufficient to explain the model,
therefore further decreasing the performances. Having more
data could allow better predictions for prognostication with
Neural Network. Lastly, this cohort was recruited based on
inclusion criteria of ”suspicion of pneumonia” which made
their clinical criteria particularly homogeneous, thus diluting
the predictive potential of individual features of a more general
population.

E. Future work

This pandemic has further pointed out the necessity for
hospitals to share data in an anonymized way. There have
been many attempts to making machine learning models for
both prognostication and diagnostic predictions, however none
seem to be completely satisfying [10]. Data collected individ-
ually in each research center are not sufficient to accurately
train the models.



It would also be interesting to look into the misclassified
individuals, to identify if they were in fact suffering from
another condition which led to false classification.
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