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Abstract

It is important to diagnose coronavirus disease 2019 (COVID-19) caused by severe acute respiratory syndrome coronavirus 2 at an
early stage and to monitor severely infected patients in order to reduce the lethality of the disease. In addition, there is a need
for alternative methods with lower costs and faster results to determine the severity of the disease. In this context, routine blood
values can be used to determine the diagnosis/prognosis and mortality of COVID-19. In this study, three optimized datasets were
prepared to determine the features that affect the diagnosis, prognosis, and mortality of COVID-19. These datasets can be used
by researchers to determine the diagnosis and severity of COVID-19 with various classifier machine learning models and artificial
intelligence methods. It is hoped that studies on these datasets will reduce the negative pressures on the health system and provide
important clinical guidance for decision-makers in the diagnosis and prognosis of COVID-19.
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1. Background

The scientific community has worked hard to reduce
the impact and scope of the current coronavirus disease
2019 (COVID-19) outbreak (1). The early diagnosis of the
disease and evaluation of its development is extremely
important for the timely implementation of medical
protocols (2-4). In this context, the datasets were prepared
to determine both the diagnosis/prognosis/mortality of
COVID-19 with only routine blood value (RBV) data and to
reveal which features are important accordingly. In many
previous studies on the diagnosis/prognosis and mortality
of COVID-19, the clinical importance of RBV data was noted
(5-13).

Routine blood parameter values are at the forefront
of reliable, fast, and economical methods in determining
the diagnosis, prognosis, and mortality of diseases (14,
15). Routine blood parameter values in these datasets
provide critical information for the diagnosis and
determination of the severity of various diseases (16).
Especially for severe and fatal cases of various diseases,
RBV characteristics provide important information about
early predictive factors (9, 11, 12, 17). Researchers can

use these datasets with different classification models
to determine the diagnosis/prognosis and mortality
of COVID-19. In addition, researchers can reveal the
relationship structures between the RBV features in
these datasets and the diagnosis/prognosis/mortality of
COVID-19 with various artificial intelligence (AI) models.

It is crucial to detect the diagnosis and prognosis of
COVID-19 induced by severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) in the early period in order
to reduce the lethality of the disease. It is known that
diagnostic tests for the detection of COVID-19 require
special equipment and facilities, and it is necessary to
wait at least 4 - 5 hours for the result. In addition,
advanced examinations, such as computed tomography,
are required to determine the severity of the disease (11,
12). Reducing the cost in the fight against this epidemic
and not delaying the intervention with early diagnosis
are important for patients and health systems (14-18). For
this purpose, it has been reported that diagnoses and
prognoses based on RBV, which are less costly and faster to
assist clinical procedures, might be an alternative source
for COVID-19 (10, 13, 19, 20).

In this context, the datasets were prepared to
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determine both the diagnosis/prognosis/mortality of
COVID-19 with only RBV data and to reveal which features
are important accordingly. These datasets can be used by
researchers in determining the diagnosis and severity of
COVID-19 with various classifier machine learning (ML)
models and AI methods and be compared to the success of
the methods in the present original research article.

2. Methods

To detect and predict the prognosis of COVID-19
without using advanced equipment and methods, three
datasets were created by scanning the retrospective
records within April and December 2021 from the
information system of Erzincan Binali Yıldırım University
Mengücek Gazi Training and Research Hospital, Erzincan,
Turkey. During the dates covered, SARS-CoV-2 was
diagnosed in the studied hospital only by real-time
reverse transcriptase polymerase chain reaction using
nasopharyngeal or oropharyngeal swabs. The patients in
these datasets are of Turkish and Kurdish origins. The RBV
data at first admission were recorded to prevent various
complications. Table 1 shows the characteristics of the
patients included in these datasets. These features include
biochemical, hematological, and immunological RBVs.

In the raw data obtained by scanning the digital
records from the EBYU-MG patient system during the
specified dates, 68 different RBVs measured at the time
of application of patients were obtained. In the datasets,
68 RBV parameters were examined, and RBVs (properties)
measured from at least 80% of patients were calibrated
and used. Additionally, in the raw data records, diagnosis
(e.g., COVID-19, hypertension, diabetes, and chronic
obstructive pulmonary disease), treatment unit (i.e.,
intensive care unit [ICU] or non-ICU), and demographic
characteristics (e.g., age, gender, smoking, and alcohol
use) were available. Comorbidity data were not available
for most patients as it was a retrospective dataset (with a
lack of comorbidity data in more than 80% of patients). In
the analyzed data, categorical data were coded; repeated
measurements and missing data were filled with the mean
of the relevant parameter, and quantitative data were
normalized. The RBV and age data were on a quantitative
scale; diagnostic data were on a multinomial scale, and
treatment unit and gender were on a binomial scale. Then,
individuals over the age of 18 years were filtered from the
patients diagnosed with COVID-19. Among all patients,
those diagnosed with COVID-19 were filtered out. The
information of approximately 66,000,000 patients was
recorded, and the entire recording period took 20 hours.
The datasets were converted to “.sav” (IBM SPSS Statistics
format).

For the measurement of biochemical values, Beckman
Coulter Olympus AU2700 Plus Chemistry Analyzer
(Beckman Coulter, Tokyo, Japan) device was used, and
analyses were performed with spectrophotometric tests.
Hematological values were measured from the cell blood
count using the Sysmex XN-1000 Hematology System
(Sysmex Corporation, Japan).

Serum prothrombin time, activated partial
prothrombin time, and fibrinogen values, which
are immunological values, were analyzed using a
Ceveron-Alpha digital coagulation device (Diapharma
Group Inc., West Chester, Canada). The erythrocyte
sedimentation rate was measured by the photometric
capillary flow kinetic analysis using the TEST 1 BCL
instrument (Alifax, Polverara, Italy). Ferritin levels were
measured with a chemiluminescence immunoassay
device (Centaur XP, Siemens Healthcare, Germany).
C-reactive protein levels were evaluated by the
nephelometric method using the BNTM II instrument
(Siemens, Munich, Germany). Procalcitonin, D-dimer, and
troponin levels were analyzed from whole blood using
AQT90 flex Radiometer VR (Bronshoj, Denmark).

3. Results

The first dataset was named COVID-19_RBV1. This
dataset includes 51 features of 2000 COVID-19 positive and
2000 COVID-19 negative patients. In this dataset, these data
can be used to diagnose COVID-19, as the class labels were
created as patient and intact.

The second dataset was named COVID-19_RBV2. This
dataset includes 51 features of 279 and 1721 ICU and non-ICU
COVID-19 patients, respectively. The ICU and non-ICU
patients were defined as severely and mildly infected,
respectively. Since the class labels as ICU and non-ICU were
created in this dataset, these data can be used to identify
important features in the prognosis of the disease.

The third dataset was named COVID-19_RBV3. For
the third dataset, the exclusion information of COVID-19
patients within April and December 2021 was examined.
The RBV records of patients who died from COVID-19
and survived were searched, and information on 38 RBVs
was obtained. This dataset includes information on 233
patients who died from COVID-19 and 2364 patients who
survived on the specified dates. In this dataset, these data
can be used to determine the mortality of the disease, as
the class labels were created as surviving and deceased
from COVID-19.

The dataset contains three following files:
Appendix 1 in Supplementary File: For the first dataset,

those who tested positive for COVID-19 were labeled as
patients, and those who tested negative were labeled as
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healthy (control group). Calibrated 51 RBV features were
used for the first dataset. In the COVID-19_RBV1 dataset (i.e.,
the first dataset), COVID-19-infected patients and healthy
individuals were coded as 1 and 0, respectively (COVID-19
positive: 1, COVID-19 negative: 0; first column: Diagnosis;
other columns: RBV features).

Appendix 2 Supplementary File: For the second
dataset, COVID-19 patients were labeled as ICU and non-ICU
according to treatment units. In the second data, ICU and
non-ICU patients were defined as severely and mildly
infected, respectively. Calibrated 51 RBV features were used
for the second dataset. In the COVID-19_RBV2 dataset (i.e.,
the second dataset), severely and mildly COVID-19 infected
patients were coded as 2 and 1, respectively (severely
COVID-19 group: 2, mildly COVID-19 group: 1; first column:
Treatment units/service [ICU or non-ICU]; other columns:
RBV features).

Appendix 3 Supplementary File: For the third dataset,
the exclusion information of COVID-19 patients within
April and December 2021 was examined. The RBV data
of patients who died from COVID-19 and survived were
calibrated, and 38 RBV data were used in the third dataset.
In the COVID-19_RBV3 dataset (i.e., the third dataset),
patients who died (non-survived COVID-19) were coded as
1, and living patients (survived COVID-19) were coded as 0
(first column: containing the patient’s output information
[survived or non-survived]; other columns: RBV features).

Of the 2000 COVID-19 patients in the first dataset,
894 (44.7%) and 1106 (55.3%) patients were female and
male, respectively. The mean age values of female and
male patients were 53.15 ± 17.06 and 56.42 ± 20.84 years,
respectively. In the second dataset, 174 (62.4%) and 81 (37.6%)
of 279 ICU COVID-19 patients were male (mean age: 77.51
± 8.33 years) and female (mean age: 70.36 ± 10.92 years),
respectively. Of the 1721 non-ICU COVID-19 patients, 826
(48.0%) and 895 (52.0%) patients were female (mean age:
51.36± 17.52 years) and male (mean age: 52.46± 19.36 years),
respectively. The third dataset contains the RBV data of
2597 patients during treatment. Of these 2597 patients, 233
cases (9.0%) died, and 2364 cases (91.0%) survived. Of the
patients who lost their lives, 143 (61.3%) and 90 (38.7%) cases
were male and female, respectively. The mean age values of
the survived and deceased patients were 55 ± 14.62 and 76
± 12.13 years, respectively.

4. Discussion

The COVID-19_RBV1 dataset provides an excellent
opportunity for methods to be used to diagnose
COVID-19. The COVID-19_RBV2 dataset offers tremendous
opportunities for methods to be used to determine the
prognosis of COVID-19. The COVID-19_RBV3 dataset is an

excellent resource for determining the mortality/severity
of COVID-19.

The datasets present a tremendous opportunity
for researchers who would like to work with AI and
classifier ML models in the diagnosis/prognosis/mortality
of COVID-19 because most of the RBV features used in
studies conducted for this purpose in the literature
are available in the present datasets. All the data are
optimized, preprocessed, and ready to use. It is hoped
that studies on these datasets will reduce the negative
pressures on the health system and provide important
clinical guidance for decision-makers in the diagnosis and
prognosis of COVID-19.
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Table 1. Routine Blood Parameter Properties Found in Datasets

Routine Blood Value Parameters Unit of Measurement

Biochemical parameters

Alanine aminotransaminase U/L

Aspartate aminotransferase U/L

Alkaline phosphatase µmol/s.L

Albumin µmol /L

Amylase µmol/s.L

Creatine kinase myocardial band U/L

Direct bilirubin µmol/L

Glucose mmol/L

Creatinine µmol/L

Creatinine kinase U/L

Lactate dehydrogenase U/L

Low-density lipoprotein mg/dL

Total bilirubin µmol/L

Total protein g/L

Potassium mmol/L

Uric acid mmol/L

Urea mmol/L

Triglyceride mmol/L

Sodium mmol/L

Calcium mg/dL

Chlorine mmol/L

Cholesterol mmol/L

Gamma-glutamyl transferase µmol/s.L

High-density lipoprotein cholesterol mmol/L

Estimated glomerular filtration rate no

Hematological parameters

Eosinophils count 109/L

Hematocrit %

Hemoglobin g/L

Lymphocytes count 109/L

Monocytes count 109/L

Basophil count 109/L

Neutrophils count 109/L

Red blood cells 1012/L

Red cell distribution width %

White blood cells 109/L

Platelet count 109/L

Mean corpuscular hemoglobin pg
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Mean corpuscular hemoglobin concentration g/dL

Mean corpuscular volume fL

Mean platelet volume fL

Platelet distribution width fL

Inflammatory, cardiac, and coagulation parameters

D-dimer µg/L

C-reactive protein mg/L

Ferritin µg/L

Fibrinogen g/L

International normalized ratio No

Prothrombin time Sec

Procalcitonin µg/L

Erythrocyte sedimentation rate mm/hr

Troponin ng/L

Activated partial prothrombin time Sec
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