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Abstract

Background: Early detection of severe acute respiratory syndrome coronavirus 2

(SARS-CoV-2)-infected patients who could develop a severe form of COVID-19 must

be considered of great importance to carry out adequate care and optimise the use of

limited resources.

Aims: To use several machine learning classification models to analyse a series of non-

critically ill COVID-19 patients admitted to a general medicine ward to verify if any

clinical variables recorded could predict the clinical outcome.

Methods: We retrospectively analysed non-critically ill patients with COVID-19 admit-

ted to the general ward of the hospital in Pordenone from 1 March 2020 to 30 April

2020. Patients’ characteristics were compared based on clinical outcomes. Through sev-

eral machine learning classification models, some predictors for clinical outcome were

detected.

Results: In the considered period, we analysed 176 consecutive patients admitted:

119 (67.6%) were discharged, 35 (19.9%) dead and 22 (12.5%) were transferred to

intensive care unit. The most accurate models were a random forest model (M2) and a

conditional inference tree model (M5) (accuracy = 0.79; 95% confidence interval 0.64–

0.90, for both). For M2, glomerular filtration rate and creatinine were the most accu-

rate predictors for the outcome, followed by age and fraction-inspired oxygen. For M5,

serum sodium, body temperature and arterial pressure of oxygen and inspiratory frac-

tion of oxygen ratio were the most reliable predictors.

Conclusions: In non-critically ill COVID-19 patients admitted to a medical ward, glo-

merular filtration rate, creatinine and serum sodium were promising predictors for the

clinical outcome. Some factors not determined by COVID-19, such as age or dementia,

influence clinical outcomes.

Introduction

The novel coronavirus severe acute respiratory syndrome

coronavirus 2 (SARS-CoV-2) causing COVID-19 emerged

as a public health problem in late 2019 in China stem-

ming from a zoonotic source and was declared a pan-

demic in March 2020.1 COVID-19’s incubation period is

believed to be up to 14 days. The main presentation fea-

tures of COVID-19 are fever, cough and dyspnoea.2,3

However, a complete picture of the clinical course and

clinical presentation of COVID-19 has not yet been

described.4 Indeed, the clinical spectrum of COVID-19 is

varied and ranges from very mild to critical cases. Many

studies have focussed on general characteristics presented

at the beginning of the disease and tried to identify major

risk factors related to mortality, such as advanced age, car-

diovascular disease, diabetes, chronic respiratory disease,

hypertension and cancer.5–7 In other studies, obesity and

smoking were associated with increased risk.8,9
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Early diagnosis of patients who could develop a partic-
ularly severe form of COVID-19 is of great importance to
provide adequate care and optimise the resources.10 The
identification of some predictors could allow us to detect
prognostically unfavourable developments. These results
must be executable at any time, rapidly achievable and
sustainable even in contexts with limited resources.
These findings could improve awareness of COVID-19
and soon improve the correct identification and prognos-
tic risk of COVID-19. They could improve understanding
of the clinical evolution of COVID-19 disease during
hospitalisation and improve the correct identification
and classification of prognosis.
We analysed a series of non-critically ill COVID-19

patients admitted to a medical department, using differ-
ent machine learning classification models, to verify if
any clinical variables recorded could predict clinical
outcome.

Methods

Patients

We retrospectively analysed the data of non-critically ill
COVID-19 patients admitted to the general medicine
department of the hospital in Pordenone from 1 March
2020 to 30 April 2020. We included patients positive for
SARS-CoV-2 detected by real-time polymerase chain
reaction in a nasopharyngeal swab, admitted from the
emergency department, suffering from COVID-19.
Exclusion criteria were pregnancy, traumatised

patients and age <18 years old. We also excluded
patients transferred from other wards or hospitals. The
study followed the international and national regulations
following the Declaration of Helsinki.
The following clinical data were collected: age, gender,

weight, height, body mass index, length of stay, the
delay from onset of symptoms and hospitalisation
(‘Onset’), medical ward admitting, clinical presentation
(fever, cough, shortness of breath, myalgia, diarrhoea,
gastrointestinal complaints), clinical history (smoking,
arterial hypertension, using angiotensin-converting
enzyme (ACE) inhibitor drugs, coronary artery disease,
diabetes mellitus, obesity, atrial fibrillation, neoplasm,
rheumatic diseases, dementia, respiratory disease, liver
failure, metabolic syndrome and the number of com-
orbidities), vitals (systolic arterial pressure, diastolic arte-
rial pressure, heart rate, body temperature) and blood
gas analysis (pH, the arterial partial pressure of oxygen
and carbon dioxide), the inspiratory fraction of oxygen
administered, arterial pressure of oxygen and inspiratory
fraction of oxygen ratio (PaO2/FiO2), oxygen arterial sat-
uration, blood chemistry tests at hospitalisation: white

blood cells count, neutrophils, lymphocytes, red blood
cells count, haemoglobin, platelets, C-reactive protein,
procalcitonin, creatinine and glomerular filtration rate
(GFR) calculated via the Chronic Kidney Disease Epide-
miology Collaboration (or CKD-EPI) equation, plasma
sodium and potassium, liver functionality (transami-
nases, gamma-glutamyl transferase, lactate dehydroge-
nase, bilirubin), coagulation system (prothrombin and
activated partial thromboplastin times, fibrinogen, D-
dimer), interleukin-6, some venous thromboembolic dis-
ease prediction score (Padua VTE (venous thromboem-
bolism) score and International Society of Thrombosis
and Hemostasis for Disseminated Intravascular Coagula-
tion score, Sequential Organ Failure Assessment (SOFA)
score, administered therapy (hydroxychloroquine,
azithromycin, lopinavir/ritonavir (Kaletra), darunavir/
cobicistat (Rezolsta) and low-molecular-weight hepa-
rin), and clinical outcomes (discharge, decease and
transfer to intensive care unit (ICU)).

Statistical analysis

All registered characteristics were compared, dividing
patients according to their clinical outcome. The Student
t test to evaluate continuous variables with a parametric
distribution or the Kruskal–Wallis test for non-
parametric distribution was performed. The categorical
variables were assessed using the Chi-squared test (or
Fisher exact test, if appropriate). All the variables of the
data set have been implemented in five types of regres-
sion tree model:

• a conditional inference random forest model (M1)
• a classic random forest model (M2)
• an ordinal forest model (M3)
• a traditional decision trees model (M4)
• a recursive partitioning regression tree model using
permutation tests to hierarchise predictor variables (M5)

Missing values were imputed based on Gibbs sam-
pling. A resampling procedure to evaluate machine
learning models was used through a k-fold cross-
validation method consisting of fivefolds resampling. A
two-tailed P-value of ≤0.05 was considered statistically
significant. A correction for multiplicity by Benjamini
and Hochberg’s method was applied when appropriate.
The models were compared with each other based on
their accuracy, sensitivity and specificity performances.
All statistical analyses were generated using the open-

source R-CRAN software (version 4.0.0; R Foundation for
Statistical Computing, Vienna, Austria). The main packages
implemented were ‘compareGroups’, ‘randomForest’,
‘mice’, ‘rpart’, ‘party’ and ‘caret’.
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Results

During the study period considered, 176 non-critically ill
COVID-19 patients were hospitalised (Fig. 1). The clinical
characteristics of the population are shown in Table 1.
The median age was 75.0 years (95% confidence interval
72.0–77.0). Male gender was slightly predominant
(55.7%). Seventy-three (41.5%) patients were hos-
pitalised in an exclusive ward for COVID-19 patients,
while the rest were hospitalised in a general medicine
ward (103 patients corresponding to 58.5% of the popula-
tion). The most common presenting symptoms were fever
(78.4%), cough (48.3%) and shortness of breath
(52.8%). The most common comorbidity was hyperten-
sion (53.4%) and 48.3% were on an ACE inhibitor drug
at admission. Chronic kidney disease was present in
66 (37.5%) patients. Sixty-three percent of patients were
given hydroxychloroquine during hospitalisation. Most
were discharged because they recovered (119 patients
corresponding to 67.6%), 35 (19.9%) patients died and

22 (12.5%) patients evolved into critical illness and were
admitted to the ICU.

By subdividing the population based on outcome
(Table 1), the variables that significantly asymmetrically
distributed were: age (86 vs 72 years for deceased
patients compared to the recovered patients, P < 0.001);
the time elapsed between the onset of symptoms and
hospitalisation (3 days for deceased patients compared to
7 days for recovered patients, P < 0.001); the
hospitalisation ward (prevalently the COVID-19-ward,
for deceased patients, P = 0.024); a clinical history of cor-
onary artery disease (with a low prevalence among
recovered patients, P = 0.05); the prevalence of some
form of dementia (only one patient with dementia
among those admitted to the ICU, P < 0.001); the num-
ber of concomitant pathologies (at least three concomi-
tant pathologies for deceased patients compared to two
for patients recovered or hospitalised in the ICU,
P < 0.001); body temperature was higher for ICU
patients and lower for deceased patients (37.9�C vs
36.8�C, respectively, P < 0.001); a ratio between arterial
pressure of oxygen (PaO2) and inspiratory fraction of
oxygen (FiO2) was lower for deceased patients
(236 mmHg for deceased patients, 292 mmHg for
patients admitted to the ICU and 314 mmHg for recov-
ered patients, P < 0.001). Regarding blood chemistry
tests: lymphocyte count was lower in deceased patients
and higher in recovered patients (0.78 vs 1.19 × 103,
respectively, P = 0.001); haemoglobin and platelet count
were lower in deceased patients (11.6 g/dL and 156 000/
mL, respectively, P = 0.010 and 0.002); procalcitonin and
C-reactive protein were higher in the deceased patients
(P < 0.001 for both). The creatinine level was higher in
the deceased patients, and, conversely, GFR was lower in
these patients (108 μg/L and 45.9 mL/min/1.73 m2,
P < 0.001 for both). Hydroxychloroquine, azithromycin
and darunavir/cobicistat were mainly administered to
patients who were subsequently transferred to ICU
(P < 0.001 for hydroxychloroquine and darunavir/
cobicistat; P = 0.019 for azithromycin).

Comparing the five proposed regression tree models,
the two models with greater accuracy were M2 and M5
(accuracy = 79%, for both) (Table 2). The model worst
performed was M4 (accuracy = 65%) (Fig. 2). All models
showed good sensitivity performance in predicting dis-
charge, good specificity in predicting death or the need
for transfer to ICU but poor performance regarding sen-
sitivity for both latter outcomes. For M, the first three
most useful predictors were serum sodium level, body
temperature and the PaO2/FiO2 ratio (Fig. 3). For M2,
the most accurate predictors were renal function, age
and, according to the accuracy or the Gini coefficient,
FiO2, or serum sodium (Fig. 4).

Figure 1 Study design: 176 consecutive COVID-19 positive patients

(pts) from emergency department were retrospectively admitted to the

COVID-19 or non-COVID-19 ward and then classified by the outcome in

both branches. ED, emergency department; ICU, intensive care unit.
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Table 1 Demographic and clinical characteristics of the population, and comparison between discharged, deceased and transferred in intensive care
unit (ICU) groups characteristics (in brackets, the 95% confidence interval or percentage)

Population (n = 176) Discharged (n = 119) Deceased (n = 35) ICU (n = 22) P-value

Age (years) 75.0 (72.0–77.0) 72.0 (57.0–81.5) 86.0 (81.5–91.0) 68.0 (58.5–75.0) <0.001
Gender (male) 98 (55.7%) 63 (53%) 19 (54%) 16 (73%) 0.225
Weight (kg) 80.0 (70.0–85.0) 80.0 (68.0–89.5) 77.0 (75.0–80.0) 82.0 (76.0–84.0) 0.972
Height (cm) 173 (170–175) 173 (168–180) 175 (170–175) 172 (166–173) 0.703
Body mass index (kg/m2) 26.1 (24.9–26.9) 25.9 (23.2–28.5) 25.2 (24.5–26.6) 27.7 (27.2–28.4) 0.489
Length of stay (days) 7.00 (6.00–8.00) 8.0 (4.0–14.5) 7.0 (3.5–10.5) 3.5 (2.0–5.8) 0.003
Onset (days) 6.00 (5.00–7.00) 7.0 (3.0–10.5) 3.0 (0.5–4.0) 5.5 (4.0–9.5) <0.001
Ward
COVID-19 73 (41.5%) 43 (38%) 20 (61%) 6 (27%) 0.024
Non-COVID-19 103 (58.5%) 71 (62%) 13 (39%) 16 (73%)

Fever 138 (78.4%) 94 (79%) 24 (69%) 20 (91%) 0.143
Cough 85 (48.3%) 65 (55%) 10 (29%) 10 (45%) 0.024
Shortness of breath 93 (52.8%) 57 (48%) 23 (66%) 13 (59%) 0.147
Myalgia 47 (26.7%) 31 (26%) 10 (29%) 5 (23%) 0.853
Diarrhoea 14 (8%) 10 (8%) 2 (6%) 2 (9%) 0.917
Gastrointestinal complains 21 (11.9%) 16 (13%) 3 (9%) 2(9%) 0.773
Anosmia 176 (100%) 119 (100%) 35 (100%) 22 (100%)
Smoker
Actual 19 (10.8%) 6 (7%) 0 1 (6%) 0.601
Former 37 (21.0%) 12 (13%) 2 (8%) 3 (19%)
Non-smoker 120 (68.2%) 73 (80%) 23 (92%) 12 (75%)

Hypertension 94 (53.4%) 60 (50%) 22 (63%) 12 (55%) 0.429
Angiotensin-converting enzyme inhibitors 85 (48.3%) 30 (65%) 8 (73%) 5 (71%) 0.914
Coronary artery disease 39 (17%) 14 (12%) 10 (29%) 5 (23%) 0.050
Diabetes mellitus 29 (16.5%) 16 (13%) 6 (17%) 6 (29%) 0.183
Obesity 35 (19.9%) 12 (12%) 3 (9%) 5 (33%) 0.065
Atrial fibrillation 31 (17.6%) 18 (15%) 10 (29%) 3 (14%) 0.179
Neoplasm 16 (9.1%) 8 (7%) 6 (17%) 2 (9%) 0.135
Rheumatic 8 (4.5%) 5 (4%) 2 (6%) 1 (5%) 0.862
Dementia 35 (19.9%) 16 (13%) 18 (51%) 1 (5%) <0.001
Respiratory disease 11 (6.2%) 8 (7%) 2 (6%) 1 (5%) 1.000
Liver failure 11 (6.2%) 5 (4%) 3 (9%) 0 0.384
Metabolic syndrome
0 80 (45.5%) 58 (49%) 12 (34%) 10 (45%) 0.316
1 40 (22.7%) 26 (22%) 11 (31%) 3 (14%)
2 42 (23.9%) 27 (23%) 7 (20%) 8 (36%)
3 14 (8%) 8 (7%) 5 (14%) 1 (5%)

Comorbidities 2 (2–2) 2 (1–3) 3 (2–4.5) 2 (0.25–3.75) <0.001
Systolic blood pressure (mmHg) 130 (130–140) 134 (120–150) 130 (120–143) 130 (125–150) 0.500
Diastolic blood pressure (mmHg) 77.5 (75.0–80.0) 80.0 (70.0–85.2) 73.5 (61.5–87.2) 80.0 (70.0–83.0) 0.390
Heart rate (b.p.m.) 83.0 (79.0–85.0) 80.0 (70.0–92.0) 76.0 (65.0–89.0) 94.0 (83.0–102) 0.012
Body temperature (�C) 37.0 (36.6–37.0) 37.0 (36.5–37.6) 36.8 (36.4–37.0) 37.9 (37.3–38.6) <0.001
pH 7.46 (7.45–7.46) 7.46 (7.44–7.49) 7.44 (7.41–7.49) 7.47 (7.45–7.49) 0.103
pO2 (mmHg) 69.2 (67.0–72.0) 70.0 (62.0–80.0) 66.0 (58.0–80.0) 64.5 (60.1–70.8) 0.219
pCO2 (mmHg) 33.0 (32.0–34.0) 33.0 (30.0–37.0) 33.0 (27.0–37.0) 32.5 (30.2–35.0) 0.900
FiO2 (%) 21.0 (21.0–21.0) 21.0 (21.0–25.0 28.0 (21.0–55.0) 21.0 (21.0–24.0) <0.001
PaO2/FiO2 296 (285–311) 314 (251–358) 236 (101–276) 292 (276–316) <0.001
SaO2 (%) 94.0 (94.0–95.0) 95.0 (93.0–96.0) 94.0 (91.5–96.0) 93.0 (92.0–94.8) 0.117
White blood cells (×103/mL) 6.30 (5.86–6.80) 6.14 (4.62–8.87) 8.77 (5.15–11.6) 6.20 (4.70–9.18) 0.129
Neutrophils (103/mL) 4.61 (4.20–5.34) 4.35 (2.98–6.38) 6.52 (2.88–9.59) 4.33 (3.28–8.12) 0.134
Lymphocytes (×103/mL) 1.05 (0.96–1.20) 1.19 (0.89–1.57) 0.78 (0.54–1.17) 0.97 (0.63–1.21) 0.001
Red blood cells (×106/mL) 4.36 (4.24–4.49) 4.41 (4.03–4.76) 4.20 (3.41–4.52) 4.62 (3.98–4.77) 0.037
Haemoglobin (g/dL) 12.9 (12.6–13.3) 13.0 (11.7–14.2) 11.7 (9.85–13.4) 13.6 (12.0–14.8) 0.010
Platelets (×103/mL) 198 (178–209) 211 (161–267) 156 (124–208) 170 (143–208) 0.002
C-reactive protein (nmol/L) 609 (543–733) 543 (305–990) 1019 (571–1562) 843 (376–1267) 0.004
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Table 1 Continued

Population (n = 176) Discharged (n = 119) Deceased (n = 35) ICU (n = 22) P-value

PCT (μg/L) 0.09 (0.07–0.11) 0.06 (0.02–0.12) 0.21 (0.12–0.99) 0.11 (0.05–0.15) <0.001
Creatinine (μmol/L) 73 (69–77) 68 (58–85) 108 (72–171) 78 (70–103) <0.001
Glomerular filtration rate (CDK-EPI) 85.2 (76.9–89.0) 91.2 (71.6–99.9) 45.9 (27.6–72.5) 85.7 (65.7–93.1) <0.001
Na (mmol/L) 138 (138–139) 138 (136–140) 144 (140–148) 136 (132–138) <0.001
K (mmol/L) 4.00 (3.90–4.10) 4.00 (3.70–4.30) 4.00 (3.65–4.15) 4.15 (3.82–4.40) 0.364
Aspartate transaminase (U/L) 31.5 (29.0–36.0) 30.5 (22.0–46.0) 32.0 (27.0–46.5) 32.5 (24.8–56.8) 0.650
Alanine transaminase (U/L) 29.0 (27.0–34.0) 29.0 (19.0–47.0) 26.0 (17.8–34.2) 32.0 (21.0–52.8) 0.211
Gamma-glutamyl transferase (U/L) 39.0 (35.0–50.0) 43.0 (26.5–81.5) 41.0 (27.0–57.0) 43.0 (29.0–124) 0.767
Lactate dehydrogenase (U/L) 285 (271–301) 284 (224–370) 294 (240–382) 330 (252–384) 0.266
Bilirubin (μmol/L) 176 (145–205) 176 (116–205) 176 (116–291) 147 (116–205) 0.672
Prothrombin (s) 13.8 (13.7–14.1) 13.8 (12.9–15.4) 15.0 (12.6–16.1) 14.0 (13.1–16.6) 0.621
Activated partial thromboplastin time (s) 30.1 (29.7–30.8) 30.2 (28.1–33.1) 30.4 (29.0–32.2) 29.6 (27.5–33.0) 0.900
Fibrinogen (mg/dL) 17.9 (11.6–25.4) 16.1 (11.9–22.5) 26.3 (26.3–26.3) 22.3 (22.3–22.3) 0.366
D-dimer (FEU) 874 (824–1006) 816 (543–1392) 1732 (1298–4360) 656 (499–929) 0.002
Interleukin 6 (pg/mL) 27.0 (0.90–95.9) 22.7 (6.75–51.5) 10.1 (10.1–10.1) 33.4 (30.2–36.5) 0.706
Padua VTE score 5.00 (5.00–5.00) 5.00 (4.00–5.00) 5.00 (5.00–6.00) 5.00 (4.00–5.75) 0.005
ISTH DIC score 1.00 (1.00–2.00) 1.00 (0–2.00) 2.00 (1.25–2.00) 2.00 (0–2.00) 0.040
SOFA score 2.00 (1.00–2.00) 1.00 (0–2.00) 3.00 (2.25–3.75) 2.00 (1.25–3.00) 0.001
Hydroxychloroquine 111 (63.1%) 78 (67%) 12 (38%) 18 (90%) <0.001
Azithromycin 82 (46.6%) 54 (53%) 9 (28%) 12 (63%) 0.019
Lopinavir/ritonavir 26 (14.8%) 17 (15%) 2 (6%) 4 (20%) 0.319
Darunavir/cobicistat 52 (29.5%) 29 (25%) 6 (19%) 14 (70%) <0.001
Low-molecular-weight heparin 126 (71.6%) 74 (68%) 26 (87%) 13 (93%) 0.032
Therapies (n) 2 (1.00–2.00) 2 (0–3) 0 (0–2) 3 (1–5) <0.001

Bold values are statistically significant (i.e. P < 0.05). FEU, fibrinogen equivalent units; ISTH DIC, International Society of Thrombosis and Hemostasis
for Disseminated Intravascular Coagulation; PaO2/FiO2, arterial pressure of oxygen and inspiratory fraction of oxygen ratio; SOFA, Sequential Organ
Failure Assessment; VTE, venous thromboembolism.

Table 2 Performance comparison of the five machine learning classification models used

Conditional random forest (M1) Random forest (M2) Ordinal forest (M3) Partitional tree (M4) Conditional inference tree (M5)

Accuracy 0.70 (0.54–0.83) 0.79 (0.64–0.90) 0.77 (0.61–0.88) 0.65 (0.49–0.79) 0.79 (0.64–0.90)
Sensitivity
Discharge 1.00 0.97 0.87 0.77 0.97
Decease 0.00 0.63 0.75 0.50 0.63
ICU 0.00 0.00 0.20 0.20 0.00

Specificity
Discharge 0.00 0.38 0.54 0.62 0.38
Decease 1.00 0.97 0.89 0.74 0.97
ICU 1.00 1.00 1.00 0.97 1.00

PPV
Discharge 0.70 0.78 0.81 0.82 0.78
Decease NaN 0.83 0.60 0.31 0.83
ICU NaN NaN 1.00 0.50 NaN

NPV
Discharge NA 0.83 0.63 0.53 0.83
Decease 0.81 0.92 0.94 0.87 0.92
ICU 0.88 0.88 0.90 0.90 0.88

Detection rate
Discharge 0.70 0.67 0.60 0.53 0.67
Decease 0.00 0.12 0.14 0.09 0.12
ICU 0.00 0.00 0.02 0.02 0.00

ICU, intensive care unit; NaN, not a number (one or more values is a 0); NPV, negative predictive value; PPV, positive predictive value.
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Discussion

By analysing our population of COVID-19 patients admitted
to a medical department, we have derived and internally
validated a series of predictive models with varying degrees

of accuracy. The best accurate models (the random forest
model and the conditional inference tree model) substan-
tially agree in defining the predictive factors for clinical
worsening. These predictive factors are related to kidney
function (GFR and creatinine) or serum sodium.

Figure 2 Classic classification decision tree (‘rpart’ package) (M4). A creatinine greater or less than 1.2 mg/dL (106.1 μmol/L), a white blood cell count

greater or less than 11 000/mL and the age greater than 79 years are the main determinants of the patient’s clinical outcome. This model’s accuracy

is 65% (95% confidence interval 49–59%) (see the main text for details). ICU, intensive care unit; WBC, white blood cells.

Figure 3 Recursive partitioning regression tree model using permutation tests to hierarchise predictor variables (‘party’ package) (M5). The plasma

sodium level (i.e. if greater or less than 144 mEq/L) represents the first predictive node. The following are body temperature (i.e. if higher or lower than

37.7�C), hospitalisation in the ward dedicated to COVID-19 patients only and the arterial pressure of oxygen and inspiratory fraction of oxygen ratio

(PaO2/FiO2) higher or lower than 112. The probability percentages for (from left to right) death, discharge or transfer to intensive care (ICU), are

reported at the bottom of the decision tree. The accuracy of this model is 79% (95% confidence interval 64–90%). For further details, see the main text.

COVID-19 outcome predictors
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Compared to the literature on COVID-19, our popula-
tion has a comparable mean age and a clear predomi-
nance of males. Fever and cough were the most
represented symptoms, as already described in the litera-
ture.11,12 Furthermore, as previously reported, a coro-
nary heart disease condition was associated with a worse
clinical outcome.13 The prevalence of dementia has not
been reported in the literature, and our population has
shown a clear prevalence among the most severely ill
patients. However, in none of the derived predictive
models, dementia is a strong predictor. Therefore, it is an
association that should be considered, especially in the
context of non-critically ill patients. These patients are
likely to require a greater workload than patients with-
out dementia and whose COVID-19 infection may not
be so obvious to diagnose.14,15

Furthermore, when analysing the population by the
outcome, patients with more severe disease had a more
pronounced inflammatory profile, for example, in our
population, higher levels of fever, C-reactive protein and
procalcitonin (despite a lower lymphocyte count). Our
population appears to be comparable to the population
studied in the Wuhan district: patients with more severe
forms of COVID-19 had altered coagulation status and
lower lymphocyte counts.16 Similarly, a study on
Detroit’s population also showed that lymphocyte counts
(along with coagulation changes) are a factor related to a
worse clinical course.17

Several authors have shown that alterations in the
platelet aggregation/coagulation system are present in
the most severe forms of COVID-19.18,19 This finding

was confirmed in our population. Patients who required
a higher level of care (or who died) had lower platelet
counts and higher D-dimer levels than patients with a
good clinical course.20 Due to our study’s observational
nature, we are unable to establish whether this finding is
a simple correlation, an epiphenomenon of a general
pro-inflammatory arousal state, or a causal pathological
mechanism responsible for the death (i.e. evidence of
disseminated intravascular coagulation).

The present study also has further importance in
highlighting how some factors not directly related – at
least presumptively – to the pathological process caused
by COVID-19 influence the outcome of an unselected
population of COVID-19 patients. Indeed, age and gen-
eral clinical conditions appear to play a role in determin-
ing patients’ clinical course. Older patients with various
comorbidities (e.g. dementia) are frail and therefore
more prone to a negative outcome, regardless of the
severity of the disease process, which has led to the need
for hospitalisation. This finding is even more important if
− as it has been done − we intend to compare heteroge-
neous populations of COVID-19 patients to determine
the ultimate mechanisms by which SARS-CoV-2 can
cause death. A recent retrospective study conducted on a
population of Wuhan’s Chinese district showed that age
(along with comorbidities and renal function) is an inde-
pendent prognostic factor of mortality. Our population
does not seem to differ much from the Chinese popula-
tion, at least in this respect.21

As for the proposed classification models, in predicting
dichotomous outcomes (i.e. survival or death), the

Figure 4 Classification of predictive factors based on the random forest model (M2). On the left, the predictive factors are reported in descending

order from top to bottom according to the accuracy, while on the right, they are shown in descending order from top to bottom according to the Gini

coefficient (which measures the inequality among values of a frequency distribution). The accuracy of this model is 79% (95% confidence interval 64–

90%). For further details, see the main text.
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derived models are generally accurate. However, instead,
they behave inaccurately for more complex problems
such as the need to increase the intensity of assistance.
This inaccuracy is since factors not strictly related to clin-
ical presentation contribute to this decision, such as
patient and family member expectations, ethical reason-
ing, quality of life and local logistical considerations.22

The main determinants of patient outcomes were
renal function and serum sodium. It is not possible to
establish to what extent COVID-19 causes possible acute
renal failure or renal injury. However, any renal replace-
ment therapy can play a decisive role in the outcome of
these patients. This aspect of COVID-19 disease is proba-
bly poorly highlighted in the literature, focussing more
on respiratory failure.23,24 Respiratory failure is a leading
cause of death in COVID-19 patients and implies a bur-
den of care in terms of applied technologies (ventilators)
and clinical skills (experts in ICU medicine).25 However,
it is also true that most patients with COVID-19 likely do
not require complex respiratory care but instead include
comprehensive management care for multiorgan func-
tion. In the international Health Outcome Predictive
Evaluation (HOPE) registry, patients with chronic renal
failure were less than 10%, but 30% of patients admitted
for COVID-19 had a reduction in GFR on admission.
These patients with previously unrecognised or de novo

renal failure had higher mortality than patients with
normal renal function.26 The authors proposed the
hypothesis of nephropathic damage directed by SARS-
CoV-2 and immune-mediated damage induced by the
cytokine cascade.26

As for the inpatient ward, patients initially admitted to
the COVID-19 ward more often presented respiratory
symptoms. Patients admitted to the COVID-19 ward
with respiratory failure more frequently had a poor
prognosis. However, patients with good respiratory per-
formance had similar discharge rates to patients admitted
to the non-COVID-19 ward. It is also significant that
patients admitted to the non-COVID-19 ward were
moved more frequently to the ICU than patients admit-
ted to the COVID-19 ward (16 vs 6). The causes of the
transfer to the ICU were probably only partly the

worsening of respiratory failure. Equally relevant were
other organ failures, such as kidney failure.
Finally, concerning the therapies administered, more

drugs were administered to patients recovered or trans-
ferred to the ICU than to deceased patients. Given our
study’s observational nature, it is impossible to establish
a causal relationship with this association. Randomised
clinical trials should be implemented to address this
issue.

Limitations

Ours is a retrospective observational study that evaluated
the correlation between clinical variables and the out-
comes of a series of non-critically ill COVID-19 patients.
For this reason, although we have been able to establish
the correlation between some factors and the clinical
outcome – through some applications of machine learn-
ing classification models – we have not determined the
causal link between some of these predictors and the
outcome. Furthermore, like all predictive models, the
result depends on the variables initially inserted in the
data set. We cannot rule out that some variables that we
have not considered may have a stronger correlation
with some of the clinical outcomes.

Conclusion

In non-critically ill COVID-19 patients admitted to a
medical ward, GFR, creatinine and serum sodium are
promising clinical outcomes predictors. Some factors not
determined by COVID-19, such as age or dementia, are
associated with the clinical outcome. Some machine
learning classification methods, such as a random forest
model and a conditional inference tree model, seem
robust enough to derive a predictive model. Similar stud-
ies on similar populations are needed to validate these
derived models externally.

Data availability statement

Data are available following a reasoned request.
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