
International Journal of Medical Informatics 173 (2023) 105039

Available online 7 March 2023
1386-5056/© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Clinical prediction rules for adverse evolution in patients with COVID-19 by 
the Omicron variant 
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A B S T R A C T   

Objective: We identify factors related to SARS-CoV-2 infection linked to hospitalization, ICU admission, and 
mortality and develop clinical prediction rules. 
Methods: Retrospective cohort study of 380,081 patients with SARS-CoV-2 infection from March 1, 2020 to 
January 9, 2022, including a subsample of 46,402 patients who attended Emergency Departments (EDs) having 
data on vital signs. For derivation and external validation of the prediction rule, two different periods were 
considered: before and after emergence of the Omicron variant, respectively. Data collected included socio
demographic data, COVID-19 vaccination status, baseline comorbidities and treatments, other background data 
and vital signs at triage at EDs. The predictive models for the EDs and the whole samples were developed using 
multivariate logistic regression models using Lasso penalization. 
Results: In the multivariable models, common predictive factors of death among EDs patients were greater age; 
being male; having no vaccination, dementia; heart failure; liver and kidney disease; hemiplegia or paraplegia; 
coagulopathy; interstitial pulmonary disease; malignant tumors; use chronic systemic use of steroids, higher 
temperature, low O2 saturation and altered blood pressure-heart rate. The predictors of an adverse evolution 
were the same, with the exception of liver disease and the inclusion of cystic fibrosis. Similar predictors were 
found to be related to hospital admission, including liver disease, arterial hypertension, and basal prescription of 
immunosuppressants. Similarly, models for the whole sample, without vital signs, are presented. 
Conclusions: We propose risk scales, based on basic information, easily-calculable, high-predictive that also 
function with the current Omicron variant and may help manage such patients in primary, emergency, and 
hospital care.   

1. Introduction 

The SARS-CoV-2 infection, which began in December 2019 [1] has 
now become a global pandemic of unpredictable consequences 

constituting a threat to public health [2], as well as causing thousands of 
deaths daily throughout the world [3]. The first wave hit health systems 
hard, generating great uncertainty as to the nature of the new disease 
and its prognosis [4]. In order to combat the disease, a variety of 
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attempts have been made since the beginning of the pandemic to un
derstand the pathophysiology of the infection [5]. Initially, most pa
tients infected with SARS-CoV-2 were considered asymptomatic or had 
mild symptoms, and were therefore dealt with from Primary Care (PC) 
centers. However, in some cases, infection was associated with the 
“cytokine storm” syndrome [6,7], which, together with respiratory 
failure, was related to an increase in hospital and Intensive Care Unit 
(ICU) admissions and mortality [8]. 

Many aspects of COVID-19 remain unknown, given the changing 
nature of the infection and the similarities and differences between the 
characteristics of the different waves [9] and this has necessitated 
frequent re-appraisal of care planning [10]. Consequently, in order to 
provide crucial perspectives for care services and develop appropriate 
health policies, numerous predictive models have been developed [2], 
providing useful predictions for risk of clinical deterioration or ICU 
admission, with good discrimination [11,12], which are regularly being 
updated [13,14], to provide more information to clinicians about pa
tients’ health status and better risk stratification indications [15]. 

Currently, the prospect is that COVID-19 will not disappear in the 
short or medium term [14], despite the vaccination process imple
mented during 2021–2022. Moreover, constant study is required of the 
characteristics of the disease and the factors related to an adverse evo
lution, in order to enable rapid modification of treatments and reorga
nization of the health system if necessary [16]. 

In this paper, we seek to identify factors related to hospitalization, 
adverse evolution—defined as admission to an ICU or death—and 
mortality related to the infection with basic information, or adding vital 
signs, within COVID-19 patients from the general population, and 
evaluate their performance in the latest variant of SARS-CoV-2, 
Omicron. 

2. Methods 

All patients included in this retrospective cohort study were residents 
in our region who had a SARS-CoV-2 infection, laboratory-confirmed by 
a positive result on the reverse transcriptase-polymerase chain reaction 
assay for severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) 
or a positive antigen test between March 1, 2020 and January 9, 2022. 
From March 1, 2020 to July 31, 2020, positive IgM or IgG antibody tests 
performed due to patients having symptoms suggestive of the disease or 
having had contact with a positive case were also included in the general 
population sample. The first positive from each patient was collected. 
Only patients aged over 18 years were included. From all of them, we 
select those who attended an ED by their COVID-19 infection and have 
information on vital signs being the Emergency Department (ED) sam
ple. The study protocol was approved by the Ethics Committee of our 
area (reference PI2020123). All patient data was kept confidential. 

Data collected include sociodemographic, baseline comorbidities 
(including those of the Charlson Comobidity Index [17] and based on 
ICD codes [18]), baseline treatments (based on the Anatomical, Thera
peutic, Chemical [ATC] classification system) [19]; dates of hospital 
admission and discharge and whether patients were admitted to an 
intensive care unit (ICU); and vital status. From those attended at any 
ED, we recorded vital signs (body temperature, blood pressure, heart 
rate and O2 saturation). We defined heart rate-diastolic/systolic pres
sure as the combination of heart rate and diastolic-systolic pressure as 
presented in Online Table 1 [20–22]. 

The outcomes used in the study were as follows: 1.-Hospital admis
sion due to COVID-19, defined if admission occurred within 15 days of 
the patient’s testing positive, when the positive test preceded hospital
ization, and up to 21 days after admission when the patient tested 
positive during hospitalization; 2.-Death during the three months 
following diagnosis or during a hospital admission as defined previously 
or three months from discharge; 3.-Adverse evolution, including death 
or ICU admission during a hospital admission related to a SARS-CoV-2 
infection diagnosis as defined above. All patients were monitored to 

April 9, 2022. The period from March 1st, 2020 to December 13, 2021 
was considered as a sample for model development (hereinafter referred 
to as the Derivation Data Set), while the period from December 14 to 
January 9, 2022, corresponding to the Omicron variant wave was used 
to validate the consistency of the results obtained (hereinafter referred 
to as the Omicron - Validation Data Set). 

2.1. Statistical analysis 

Models were developed for both the whole sample and the ED 
sample. The Derivation Data Set was randomly divided in equal halves 
for both samples. One half (50 %) was used for variable selection and 
estimation of parameters of the prediction model (train) and the other 
half (50 %) was used for internal validation (test) [19]. The Omicron 
Data Set was used for external validation, given that although it is also a 
database of individuals from our region, it includes different people who 
tested positive for a different variant to the previous ones. Patient 
characteristics were compared between the subsamples (train vs. test 
and train vs. Omicron) using Chi-square or Fisher’s exact tests for cat
egorical variables. 

Given the large sample size (n train = 120,534 and n test = 120,533 
in the general population sample and n train = 19,672 and n test =
19,672 in the ED sample), variable selection was performed by means of 
a multivariate Lasso logistic regression model (1.-Hospital admission; 2.- 
Death; and 3.-Adverse evolution) which employs penalized likelihood 
for parameter estimates and variable selection in the train subsample 
[19,20]. The final models were adjusted by means of a multilevel logistic 
regression considering that patients were nested in the IHOs. Odds ratios 
(ORs) and 99 % confidence intervals (CIs) were estimated. In addition, 
final models’ variables’ importance was measured by means of a 
Random Forest algorithm using the Boruta package, which gives a nu
merical estimate of the variable importance [26]. The discrimination 
ability of the model was measured by the area under the ROC curve 
(AUC) [21], and for calibration purposes calibration plots have been 
drawn and the Brier score has been calculated. In addition, given that we 
had an unbalanced sample (prevalence for COVID patients attending ER 
in train samples of 10 %, 15 % and 57 % for mortality, poor evolution 
and hospitalization, respectively) we calculated the Precision-Recall 
Curve and calculated the area under it (AUPRC) [27,28]. A signifi
cance level of 0.01 was considered. 

To develop the predictive risk scores for each of the outcomes (1.- 
Hospital admission; 2.-Death; and 3.-Adverse evolution), we first 
assigned a weight to each category of the predictor variable based on the 
estimated β parameters of the multilevel logistic regression model 
derived in the train subsample. Categories of predictive variables with p 
> 0.01 were assigned a weight of 0. We then added up the risk weights of 
all the patient’s predictor variables, with higher scores indicating a 
greater likelihood of event. The predictive accuracy of the risk score was 
assessed using the AUC in train, test and Omicron samples. We catego
rized the risk score into five different levels of risk. The optimal 
thresholds in the continuous risk scores were estimated considering 
those cut-off points for which the maximal AUC for the categorized score 
was obtained in the train sample, following the methodology proposed 
by Barrio et al. 2017 [29] and using the BackAddFor algorithm proposed 
by Barrio et al. 2021 [30]. The performance of the risk classification was 
evaluated by means of the AUC, AUPRC, and by studying the probability 
of event occurrence in each of the risk categories. In addition, the true 
positive rate (TPR), true negative rate (TNR), F1-score, and the net 
benefit (NB), which considers the relative benefits and harms, were 
computed for each of the risk cut-off points [23–25,30,31]. The model, 
score and categorized score were all validated in the Omicron sample by 
means of the AUC and AUPRC. The graphical representation of the 
model’s development pipeline is shown in Online Fig. 1. All statistical 
analyses were performed using R© version 4.1.2. 
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3. Results 

During the study period, 380,081 people tested positive and 46,402 
were also seen at EDs. Flowcharts describing patient evolution in each 
sample are shown in Online Fig. 2 and Fig. 1 respectively. Descriptive 
statistics for the main variables of the study are reported in Table 1 (ED 
sample) and Online Table 2 (whole sample), for train, test and Omicron 
samples, respectively. As can be seen, main outcomes prevalence were 
smaller in the Omicron sample (p < 0.001). 

The variables identified in the multivariable model related to death 
on patients who attended an ED and has vital signs information were 
greater age; being male; no vaccination; baseline diseases such as heart 
failure, liver and kidney disease, dementia, hemiplegia or paraplegia, 
specific lung diseases such as interstitial pulmonary disease; coagulop
athy and history of malignant tumors and from basal treatments, use of 
chronic systemic steroids. Among vital signs having a body temperature 
> 37, O2 saturation ≤94 and blood pressure-heart rate combination 
altered were also related to death. The AUCs for the categorized score 
were 0.90, 0.90 and 0.91, and the Brier scores were 0.06, 0.06 and 0.04, 
in train, test and Omicron samples, respectively (Table 2). For the whole 
sample, in addition to the previous, peripheral vascular disease, 
ischemic heart and cerebrovascular disease, diabetes, cystic fibrosis; and 
basal treatments, use of diuretics were also related to death. The AUCs 
for the categorized score were 0.95 and the Brier scores were 0.02, 0.02 
and 0.004, in train, test and Omicron samples, respectively (Online 
Table 3). 

The variables related to adverse evolution identified in the multi
variable model of the ED sample were older age; being male; no vacci
nation; baseline diseases such as heart failure, kidney disease, dementia, 
hemiplegia or paraplegia, cystic fibrosis, interstitial pulmonary disease; 
coagulopathy and history of malignant tumors and from basal treat
ments, use of chronic systemic steroids. Among vital signs having a body 
temperature > 37, O2 saturation ≤94 and blood pressure-heart rate 
combination altered were also related to adverse evolution. The AUCs 
for the categorized score were 0.84, 0.83 and 0.88, and the Brier scores 
were 0.10, 0.10 and 0.05, in train, test and Omicron samples, respec
tively (Table 3). For the whole sample, in addition to the previous, pe
ripheral vascular disease, ischemic heart and cerebrovascular disease, 
and basal treatments, use of diuretics were also related to death. The 
AUCs for the categorized score were 0.89, 0.89 and 0.91, and the Brier 
scores were 0.03, 0.03 and 0.005, in the train, test and Omicron samples, 

respectively (Online Table 4). 
Finally, the variables related to hospital admission identified in the 

multivariable model of the ED sample were older age; being male; no 
vaccination; baseline diseases such as heart failure, liver disease, arterial 
hypertension, and history of malignant tumors. Among the basal treat
ments, the use of chronic systemic steroids and among vital signs having 
a body temperature > 37, O2 saturation ≤94 and blood pressure-heart 
rate combination altered were also related to hospital admission. The 
AUCs for the categorized score were 0.82, 0.82 and 0.83, and the Brier 
scores were 0.17, 0.17 and 0.15, in train, test and Omicron samples, 
respectively (Table 4). For the whole sample, in addition to the previous, 
baseline diseases such as ischemic heart and cerebrovascular disease, 
kidney disease, dyslipidemia, dementia, diabetes, inflammatory bowel 
disease, HIV, interstitial pulmonary disease; and history of malignant 
tumors. Among the basal treatments, the use of antidiabetics, bron
chodilators, immunosuppressants, and diuretics were also related to 
hospital admission. The AUCs for the categorized score were 0.81, 0.82 
and 0.84, and the Brier scores were 0.07, 0.07 and 0.02, in the train, test 
and Omicron samples, respectively (Online Table 5). 

For all different models and cut points, we estimated the sensitivity, 
specificity, Net Benefit, F1-Score and Balanced Accuracy percentages 
(Table 5 and Online Table 6) while the risk/probability of event was 
represented for each outcome and risk category (Fig. 2 and Online 
Fig. 3). In addition, ROC and Precision-Recall Curves were plotted 
(Fig. 3 and Online Fig. 4) Finally, calibration plots were drawn for the 
derived models in both samples (Fig. 4 and Online Fig. 5). 

4. Discussion 

This study, which included a very large cohort of COVID-19-positive 
patients (380,081), recruited during almost two years of the pandemic, 
identified predictors of three different outcomes. It allows us to see a 
pattern of variables common to all three outcomes, including age, sex, 
cardio-cerebrovascular diseases, diabetes, kidney and liver disease, tu
mors, and some more serious specific lung diseases such as interstitial 
lung disease and cystic fibrosis. Additionally, we found a single treat
ment common to all three outcomes, namely the chronic systemic use of 
steroids and the protective effect of the COVID-19 vaccination. For pa
tients with basic vital signs information, we pointed out the importance 
of the alteration of some vital signs. 

Most of the above factors have been identified and summarized in 

Fig. 1. Flow-chart of the evolution of 46,402 adult patients diagnosed with COVID-19 and seeing at Emergency Rooms (ERs) between 01/03/2020–13/12/2021 
(Derivation data set (train + test samples), n = 39,344) and between 14/12/2021–09/01/2022 (Omicron validation sample, n = 7,058).*Statistically significant 
differences between derivation and validation samples. 
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Table 1 
Descriptive statistics of COVID 19 patients who attended ERs (N = 46,402) in 
Train, Test and Omicron subsamples, together with chi square test p-values for 
independence among subsamples.  

Variables Train N 
(%) 

Test N 
(%) 

Omicron 
N (%) 

p_values 
train-test 

P_values 
train- 
omicron 

TOTAL 19,672 19,672 7058   
Sociodemographic variables 
Gender     0.4024 <0.0001 

Female 9,483 
(48.21) 

9,567 
(48.63) 

3,812 
(54.01)   

Male 10,189 
(51.79) 

10,105 
(51.37) 

3,246 
(45.99)   

Age (years) 
categorized     

0.2573 <0.0001 

18–39 3,810 
(19.37) 

3,947 
(20.06) 

1,953 
(27.67)   

40–49 3,094 
(15.73) 

3,133 
(15.93) 

1,549 
(21.95)   

50–59 3,419 
(17.38) 

3,372 
(17.14) 

1,295 
(18.35)   

60–69 3,112 
(15.82) 

3,099 
(15.75) 

829 
(11.75)   

70–79 2,758 
(14.02) 

2,794 
(14.20) 

585 
(8.29)   

80–89 2,529 
(12.86) 

2,456 
(12.48) 

594 
(8.42)   

>=90 950 
(4.83) 

871 
(4.43) 

253 
(3.58)   

Vaccines     0.9415 <0.0001 
No vaccine 17,313 

(88.01) 
17,297 
(87.93) 

1,488 
(21.08)   

1 dose 673 
(3.42) 

670 
(3.41) 

321 
(4.55)   

2–3 doses 1,686 
(8.57) 

1705 
(8.67) 

5,249 
(74.37)   

Comorbidities 
Peripheral vascular 

disease 
1,275 
(6.48) 

1,243 
(6.32) 

348 
(4.93)  

0.5231 <0.0001 

Cerebrovascular 
disease 

2,330 
(11.84) 

2,367 
(12.03) 

683 
(9.68)  

0.5756 <0.0001 

Dementia 950 
(4.83) 

1,014 
(5.15) 

216 
(3.06)  

0.1447 <0.0001 

Rheumatic disease 681 
(3.46) 

682 
(3.47) 

210 
(2.98)  

1.0000 0.0556 

Peptic ulcer 742 
(3.77) 

754 
(3.83) 

234 
(3.32)  

0.7718 0.0860 

Liver disease     0.8799 0.2336 
Mild 1,261 

(6.41) 
1,280 
(6.51) 

430 
(6.09)   

Moderate/Severe 168 
(0.85) 

162 
(0.82) 

48 (0.68)   

Diabetes     0.5555 <0.0001 
Yes, without organ 
damage 

2,416 
(12.28) 

2,441 
(12.41) 

622 
(8.81)   

Yes, with organ 
damage 

639 
(3.25) 

603 
(3.07) 

158 
(2.24)   

Hemiplegia/ 
Paraplegia 

333 
(1.69) 

356 
(1.81) 

91 (1.29)  0.3978 0.0231 

Kidney 2,421 
(12.31) 

2,359 
(11.99) 

727 
(10.30)  

0.3465 <0.0001 

HIV 39 
(0.20) 

42 
(0.21) 

15 (0.21)  0.8240 0.9405 

Inflammatory bowel 
disease 

1,158 
(5.89) 

1,151 
(5.85) 

549 
(7.78)  

0.8976 <0.0001 

Arterial hypertension 7,461 
(37.93) 

7,398 
(37.61) 

1,975 
(27.98)  

0.5191 <0.0001 

Dyslipidemia 6,780 
(34.47) 

6,880 
(34.97) 

1,872 
(26.52)  

0.2945 <0.0001 

Lymphoma 962 
(4.89) 

960 
(4.88) 

498 
(7.06)  

0.9813 <0.0001 

Leukemia 60 
(0.31) 

70 
(0.36) 

25 (0.35)  0.4291 0.6124 

Coagulopathy 158 
(0.80) 

158 
(0.80) 

41 (0.58)  1.0000 0.0746  

0.2378 0.1356  

Table 1 (continued ) 

Variables Train N 
(%) 

Test N 
(%) 

Omicron 
N (%) 

p_values 
train-test 

P_values 
train- 
omicron 

Gastrointestinal 
bleeding 

335 
(1.70) 

367 
(1.87) 

101 
(1.43) 

Asthma 2,905 
(14.77) 

2,943 
(14.96) 

1,181 
(16.73)  

0.6000 <0.0001 

Cystic fibrosis 441 
(2.24) 

466 
(2.37) 

117 
(1.66)  

0.4201 0.0038 

Interstitial lung 
disease 

117 
(0.59) 

118 
(0.60) 

55 (0.78)  1.0000 0.1150 

Tumor 1,443 
(7.34) 

1,398 
(7.11) 

525 
(7.44)  

0.3914 0.7965 

Respiratory disease 4,205 
(21.38) 

4,215 
(21.43) 

1,628 
(23.07)  

0.9119 0.0034 

Heart disease 1,606 
(8.16) 

1,603 
(8.15) 

461 
(6.53)  

0.9706 <0.0001 

Heart failure 1,957 
(9.95) 

1,853 
(9.42) 

533 
(7.55)  

0.0791 <0.0001 

Basic treatments 
Antidiabetics 2,515 

(12.78) 
2,492 
(12.67) 

657 
(9.31)  

0.7393 <0.0001 

Cardiovascular 1,077 
(5.47) 

1,019 
(5.18) 

330 
(4.68)  

0.2007 <0.0108 

Antihypertensive 325 
(1.65) 

324 
(1.65) 

101 
(1.43)  

1.0000 <0.2236 

Diuretics 2,317 
(11.78) 

2,249 
(11.43) 

619 
(8.77)  

0.2916 <0.0001 

Beta-blockers 1,965 
(9.99) 

1,890 
(9.61) 

542 
(7.68)  

0.2095 <0.0001 

Calcium channel 
blockers 

1,331 
(6.77) 

1,316 
(6.69) 

344 
(4.87)  

0.7781 <0.0001 

RAAS inhibitors 4,839 
(24.60) 

4,842 
(24.61) 

1,285 
(18.21)  

0.9813 <0.0001 

Lipid lowering 
drugs/statins 

4,390 
(22.32) 

4,316 
(21.94) 

1,158 
(16.41)  

0.3753 <0.0001 

NSAIDs 4,091 
(20.80) 

4,129 
(20.99) 

1,908 
(27.03)  

0.6464 <0.0001 

Direct oral 
anticoagulants 

4,587 
(23.32) 

4,477 
(22.76) 

1,411 
(19.99)  

0.1919 <0.0001 

Antiplatelets 2,229 
(11.33) 

2,239 
(11.38) 

654 
(9.27)  

0.8863 <0.0001 

Heparin 908 
(4.62) 

929 
(4.72) 

441 
(6.25)  

0.6327 <0.0001 

Broncodilators 2,753 
(13.99) 

2,750 ( 1,086 
(15.39)  

0.9768 0.0045 

Immunosuppressants 385 
(1.96) 

358 
(1.82) 

152 
(2.15)  

0.3356 0.3371 

Chronic systemic 
steroids 

1,047 
(5.32) 

1,028 
(5.23) 

485 
(6.87)  

0.6847 <0.0001 

Constants      
Temperature     0.2316 <0.0001 
<37 13,255 

(67) 
13,148 
(67) 

5,031 
(71)   

37–38 4,479 
(22.77) 

4,486 
(22.80) 

1,302 
(18.45)   

>38 1,328 
(6.75) 

1,431 
(7.27) 

419 
(5.94)   

Missing 610 
(3.10) 

607 
(3.09) 

306 
(4.34)   

Saturation     0.8170 <0.0001 
<91 1,502 

(7.64) 
1,455 
(7.40) 

263 
(3.73)   

91–94 3,418 
(17.37) 

3,448 
(17.53) 

614 
(8.70)   

>94 13,845 
(70) 

13,852 
(70) 

5,565 
(79)   

Missing 907 
(4.61) 

917 
(4.66) 

616 
(8.73)   

Diastolic systolic 
frequency     

0.3823 <0.0001 

Normal 11,550 
(59) 

11,411 
(58) 

3,941 
(56)   

Medium 6,233 
(31.68) 

6,395 
(32.51) 

2,315 
(32.80)   

High 1,114 
(5.66) 

1,101 
(5.60) 

411 
(5.82)   

(continued on next page) 
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previous studies [32,33] Among the predictors of these three outcomes, 
we find a number of chronic pathologies identified by different studies 
[34–37] such as cardiovascular disease (CVD) and cerebrovascular dis
ease (CVD), as well as diabetes, kidney and liver disease. A history of 
tumors has also been identified as a predictor [34–38]. 

In the case of CVD, the exact pathophysiology underlying the pre- 
existing role and poor outcome has yet to be determined [39–40]. 
SARS-CoV-2 is believed to infect the heart, vascular tissues, and circu
lating cells via ACE2 (angiotensin-converting enzyme 2), the host cell 
receptor for the viral spike protein [41]. However, these patients are at 
higher risk due to concurrent underlying conditions such as advanced 
age, hypertension, cardiovascular disorders such as arrhythmia, dia
betes, etc. These patients are also at risk of developing cardioembolic 
events, secondary to viral and bacterial infections or new 

Table 1 (continued ) 

Variables Train N 
(%) 

Test N 
(%) 

Omicron 
N (%) 

p_values 
train-test 

P_values 
train- 
omicron 

Missing 775 
(3.94) 

765 
(3.89) 

391 
(5.54)   

Output variables 
Hospitalization 11,268 

(57.28) 
11,213 
(57.00) 

2,063 
(29.23)  

0.5822 <0.0001 

COVID related death 1,925 
(9.79) 

1,831 
(9.31) 

367 
(5.20)  

0.1106 <0.0001 

Adverse evolution 2,934 
(14.91) 

2,840 
(14.44) 

525 
(7.44)  

0.1852 <0.0001  

Table 2 
Multivariable predictive model of death within COVID 19 patients who attended ERs (N = 46,402).  

Variables  Beta (99 % CI) OR (99 % CI) p Importance Score 

Sociodemographic variables 
Gender      

Female Ref Ref –  12.60 – 
Male 0.46 (0.3–0.62) 1.58 (1.35–1.85) <0.0001  2 

Age (years) categorized     112.45  
18–39 Ref Ref –  – 
40–49 2.09 (0.51–3.68) 8.11 (1.66–39.65) <0.001  8 
50–59 2.77 (1.24–4.3) 15.96 (3.47–73.42) <0.0001  10 
60–69 3.79 (2.29–5.3) 44.39 (9.87–199.61) <0.0001  14 
70–79 4.58 (3.09–6.08) 97.95 (21.91–437.92) <0.0001  17 
80–89 5.46 (3.96–6.96) 235.23 (52.68–1050.43) <0.0001  20 
>=90 6.16 (4.66–7.67) 474.42 (105.41–2135.23) <0.0001  23 

Vaccines     6.71  
2–3 doses Ref Ref –  – 
1 dose 0.22 (− 0.27–0.71) 1.24 (0.76–2.03) 0.26  0 
No dose 0.42 (0.17–0.66) 1.52 (1.19–1.94) <0.0001  2 

Comorbidities 
Dementia 0.93 (0.71–1.15) 2.53 (2.04–3.14) <0.0001  44.04 3 
Liver disease     –  

No Ref Ref –  – 
Mild 0.27 (0.02–0.53) 1.31 (1.02–1.7) <0.01  1 
Moderate/Severe 1.13 (0.59–1.67) 3.1 (1.8–5.33) <0.0001  4 

Hemiplegia/Paraplegia 0.75 (0.35–1.15) 2.12 (1.42–3.15) <0.0001  6.53 3 
Kidney 0.43 (0.26–0.6) 1.54 (1.29–1.83) <0.0001  8.22 2 
Coagulopathy 0.92 (0.35–1.49) 2.51 (1.42–4.44) <0.0001  5.16 3 
Interstitial lung disease 0.65 (0.04–1.26) 1.91 (1.04–3.51) <0.01  10.67 2 
Tumor 0.77 (0.56–0.98) 2.16 (1.75–2.67) <0.0001  15.56 3 
Heart failure 0.5 (0.32–0.67) 1.64 (1.37–1.96) <0.0001  24.39 2 
Basic treatments 
Chronic systemic steroids 0.76 (0.51–1.01) 2.14 (1.67–2.75) <0.0001  8.09 3 
Constants at ER 
Temperature     10.89  
<37 Ref Ref –  – 
37–38 0.28 (0.1–0.46) 1.32 (1.11–1.58) <0.0001  1 
>38 0.52 (0.24–0.79) 1.68 (1.27–2.21) <0.0001  2 
Missing 0.54 (0.14–0.93) 1.71 (1.15–2.55) <0.001  2 

SpO2     40.31  
>94 Ref Ref –  – 
90–94 0.57 (0.39–0.75) 1.77 (1.48–2.12) <0.0001  2 
<90 1.53 (1.33–1.73) 4.62 (3.77–5.66) <0.0001  6 
Missing 0.56 (0.13–0.99) 1.75 (1.14–2.69) <0.001  2 

Heart rate and blood pressure     13.89  
Normal Ref Ref –  – 
Medium 0.36 (0.2–0.53) 1.44 (1.22–1.7) <0.0001  1 
High 0.42 (0.09–0.75) 1.52 (1.1–2.11) <0.001  2 
Missing 0.13 (− 0.31–0.57) 1.13 (0.73–1.76) 0.46  0  

Train (99 %CI) Test (99 %CI) Omicron (99 %CI) 
AUC 0.9126 (0.9056–0.9195) 0.9109 (0.9035–0.9183) 0.9285 (0.9160–0.9411) 
AUC score continuous 0.9112 (0.9042–0.9182) 0.9103 (0.9029–0.9177) 0.9278 (0.9154–0.9403) 
AUC score categorical (16,21,25,29) 0.9044 (0.8966–0.9122) 0.9029 (0.8950–0.9108) 0.9144 (0.8970–0.9317) 
AUPRC 0.5222 (0.4928–0.5514) 0.4845 (0.4545–0.5146) 0.3995 (0.3358–0.4668) 
AUPRC_score continuous 0.5184 (0.4891–0.5477) 0.4818 (0.4519–0.512) 0.3984 (0.3348–0.4657) 
AUPRC score categorical (16,21,25,29) 0.4676 (0.4384–0.4969) 0.4395 (0.4098–0.4695) 0.3328 (0.2727–0.3989) 

SpO2: Oxygen saturation. 
Risk score range: 0–62. Cut-off points of categorical scale at 16, 21, 25, 29. 
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cerebrovascular events secondary to thrombotic microangiopathy, hy
percoagulability leading to macro and microthrombus formation in the 
vessels, hypoxic injury and blood–brain barrier disruption [40]. Like
wise, acute cardiac injury is a common extrapulmonary manifestation of 
COVID-19 with possible chronic consequences [41] and is more preva
lent amongst patients with advanced age, a functionally impaired im
mune system or high levels of ACE2, or patients with CVD predisposed to 
COVID-19 [39]. 

Possible pathogenetic links between diabetes mellitus and COVID-19 
include effects on glucose homeostasis, inflammation, altered immune 
status, and activation of the renin-angiotensin-aldosterone system 
(RAAS) [42]. 

In the case of patients with renal disease, most cases of fatality were 
related to end-stage renal disease (ESRD). This could be partly explained 
by immune system dysfunction and high frequency of underlying 
comorbidities such as hypertension, CVD, and diabetes in ESRD patients. 
Generally, chronic kidney disease (CKD) is associated with an increased 
risk of pneumonia and a high pneumonia-related mortality rate. 

Moreover, the results of two recent meta-analyses reveal a significant 
association between preexisting CKD and severe COVID-19. CKD has 
been associated with inflammatory status and impaired immune system, 
as well as a result of over-expression of ACE2 receptor in the tubular 
cells of patients with CKD [43]. 

Any explanations of the relationship between patients with liver 
disease and adverse evolution of COVID-19 infection remain contro
versial. Some studies have shown that patients with a pre-existing he
patic disease have an increased risk of severe COVID-19 infection and 
higher mortality, which might be correlated with low platelets and 
lymphocytes in those patients. This may be due to cirrhosis-associated 
immune dysfunction. Additionally, it has been postulated that liver 
impairment in COVID-19 patients could also be drug-related and 
induced when treating COVID-19 infection [44]. 

With regard to cancer patients, some analyses of clinical outcomes in 
different cancer types indicate that the case fatality rate is higher in lung 
or hematological cancer than other solid cancers. In any case, the 
occurrence of severe events and death in cancer patients with COVID-19 

Table 3 
Multivariable predictive model of adverse evolution within COVID 19 patients who attended ER (N = 46,402).  

Variables Beta (99 % CI) OR (99 % CI) p Importance Score 

Sociodemographic variables 
Gender     15.92  

Female Ref Ref –  – 
Male 0.56 (0.43–0.69) 1.75 (1.54–1.98) <0.0001  2 

Age (years) categorized     83.53  
18–39 Ref Ref –  – 
40–49 0.73 (0.36–1.1) 2.08 (1.44–3) <0.0001  3 
50–59 1.18 (0.84–1.52) 3.26 (2.33–4.57) <0.0001  4 
60–69 1.63 (1.3–1.96) 5.12 (3.68–7.11) <0.0001  6 
70–79 1.83 (1.5–2.16) 6.22 (4.47–8.64) <0.0001  6 
80–89 2.15 (1.82–2.49) 8.62 (6.17–12.06) <0.0001  7 
>=90 2.86 (2.49–3.23) 17.39 (12.01–25.18) <0.0001  10 

Vaccines     5.46  
2–3 doses Ref Ref –  – 
1 dose 0.14 (− 0.27–0.55) 1.15 (0.76–1.74) 0.38  0 
No dose 0.48 (0.26–0.7) 1.61 (1.3–2.01) <0.0001  2 

Comorbidities 
Dementia 0.77 (0.55–0.98) 2.15 (1.73–2.67) <0.0001  29.94 3 
Hemiplegia/Paraplegia 0.52 (0.16–0.88) 1.68 (1.17–2.41) <0.001  6.16 2 
Kidney 0.42 (0.26–0.57) 1.52 (1.3–1.77) <0.0001  15.76 1 
Coagulopathy 0.95 (0.44–1.46) 2.58 (1.55–4.29) <0.0001  12.57 3 
Cystic fibrosis 0.42 (0.12–0.73) 1.53 (1.12–2.08) <0.001  16.76 1 
Interstitial lung disease 0.59 (0.02–1.16) 1.8 (1.02–3.2) <0.01  13.68 2 
Tumor 0.58 (0.39–0.77) 1.78 (1.47–2.16) <0.0001  15.69 2 
Heart failure 0.38 (0.21–0.55) 1.46 (1.23–1.73) <0.0001  22.73 1 
Basic treatments 
Chronic systemic steroids 0.53 (0.3–0.75) 1.69 (1.36–2.11) <0.0001  8.93 2 
Constants at ER 
Temperature     19.72  
<37 Ref Ref –  – 
37–38 0.37 (0.22–0.51) 1.44 (1.25–1.66) <0.0001  1 
>38 0.75 (0.54–0.96) 2.11 (1.71–2.6) <0.0001  3 
Missing 0.74 (0.43–1.05) 2.1 (1.54–2.87) <0.0001  3 

SpO2     102.49  
>94 Ref Ref –  – 
90–94 0.92 (0.78–1.07) <0.0001 <0.0001  3 
<90 2.09 (1.92–2.27) 8.11 (6.8–9.66) <0.0001  7 
Missing 0.52 (0.17–0.87) 1.68 (1.18–2.38) <0.001  2 

Heart rate and blood pressure     16.22  
Normal Ref Ref –  – 
Medium 0.29 (0.16–0.43) 1.34 (1.17–1.53) <0.0001  1 
High 0.42 (0.16–0.69) 1.53 (1.17–1.98) <0.0001  1 
Missing 0.04 (− 0.32–0.4) 1.04 (0.72–1.5) 0.78  0  

Train (99 %CI) Test (99 %CI) Omicron (99 %CI) 
AUC 0.8540 (0.8450–0.8629) 0.8443 (0.8347–0.8539) 0.8951 (0.8824–0.9078) 
AUC_score continuous 0.8473 (0.8381–0.8565) 0.8380 (0.8283–0.8478) 0.8858 (0.8681–0.9035) 
AUC score categorical (7,10,13,17) 0.8402 (0.8308–0.8496) 0.8289 (0.8188–0.8390) 0.8763 (0.8568–0.8959) 
AUPRC 0.5107 (0.487–0.5345) 0.4725 (0.4485–0.4967) 0.4215 (0.3672–0.4777) 
AUPRC_score continuous 0.4997 (0.476–0.5235) 0.4636 (0.4396–0.4877) 0.3987 (0.3452–0.4548) 
AUPRC score categorical (7,10,13,17) 0.4674 (0.4438–0.4912) 0.436 (0.4122–0.4601) 0.3683 (0.3159–0.4239) 

SpO2: Oxygen saturation. 
Risk score range: 0–42. Cut-off points of categorical scale at 7, 10, 13, 17. 
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appears to be primarily accentuated by age, sex, and coexisting 
comorbidities [36]. 

As for less prevalent diseases such as ILD and cystic fibrosis, fewer 
studies have been conducted in this field. However, patients with ILD are 
more susceptible to COVID-19 and experience more severe evolution as 
compared to those without ILD, and clinicians should therefore be aware 
of the increased risk of COVID-19 in their ILD patients and manage or 
educate them appropriately during the COVID-19 pandemic [45]. 

With regard to treatment, chronic or recurrent use of systemic ste
roids prior to SARS-CoV-2 infection is a major risk factor for poor 
outcome and worse survival in asthmatics [46], and clinicians treating 
patients should therefore follow current guidelines carefully [44], ach
ieve asthma control and reduce the need for chronic or recurrent sys
temic steroid therapy [46]. However, there are studies showing that 
patients undergoing biologic therapy for severe allergic and eosinophilic 
asthma do not have an increased risk of SARS-CoV-2 infection or 
severity. We therefore believe that the fact that use of chronic systemic 

corticosteroids is related to these results may be linked to a greater 
alteration in these patients’ immunity [46]. 

On relation to COVID-19 vaccination we show that having no 
vaccination increases the risk of all outcomes, as in other studies out
lining the importance of the vaccination in preventing adverse evolution 
[47]. 

Dementia appears as a potential risk factor in many studies. There 
are many possible explanations for this observed increase in risk. 
Changes in health care delivery may disproportionately affect older 
adults with ADRD [48]. Patients with dementia have higher vulnera
bility, which may be due to living conditions in nursing homes, need for 
intensive caregiver assistance, and to the inability to self-isolate and 
manage preventative health measures. As hypotheses, the presence of 
chronic inflammatory conditions or defective immune responses in pa
tients with dementia may increase their vulnerability to infection or 
reduce their ability to mount effective responses to infection [49]. 

Most previous studies have also shown that age and sex (male) are 

Table 4 
Multivariable predictive Lasso model of hospital admission within COVID 19 patients who attended ER (N = 46,402).  

Variables Beta (99 % CI) OR (99 % CI) p Importance Score 

Sociodemographic variables 
Gender     29.46  

Female Ref Ref –   
Male 0.4 (0.31–0.5) 1.5 (1.37–1.64) <0.0001  2 

Age (years) categorized     177.63  
18–39 Ref Ref –   
40–49 0.72 (0.57–0.87) 2.05 (1.77–2.38) <0.0001  4 
50–59 1.18 (1.03–1.32) 3.25 (2.8–3.76) <0.0001  6 
60–69 1.65 (1.49–1.81) 5.22 (4.43–6.13) <0.0001  9 
70–79 2.09 (1.91–2.28) 8.12 (6.73–9.8) <0.0001  11 
80–89 2.35 (2.13–2.56) 10.45 (8.44–12.92) <0.0001  13 
>=90 2.26 (1.97–2.56) 9.62 (7.15–12.95) <0.0001  12 

Vaccines     40.92  
2–3 doses Ref Ref –   
1 dose 0.02 (− 0.27–0.31) 1.02 (0.76–1.36) 0.86  0 
No dose 0.88 (0.71–1.04) 2.4 (2.03–2.84) <0.0001  5 

Comorbidities 
Liver disease     23.02  

No Ref Ref –   
Mild 0.29 (0.09–0.49) 1.34 (1.1–1.64) <0.001  2 
Moderate/Severe 1.29 (0.61–1.96) 3.62 (1.84–7.12) <0.0001  7 

Arterial hypertension 0.31 (0.19–0.42) 1.36 (1.21–1.52) <0.0001  61.30 2 
Cystic fibrosis 0.52 (0.13–0.91) 1.68 (1.14–2.48) <0.001  18.64 3 
Tumor 0.24 (0.05–0.43) 1.27 (1.05–1.54) <0.01  19.62 1 
Heart failure 0.52 (0.31–0.73) 1.68 (1.37–2.07) <0.0001  39.61 3 
Basic treatments 
Immunosuppresants 0.78 (0.39–1.16) 2.18 (1.48–3.2) <0.0001  32.91 4 
Chronic systemic steroids 0.33 (0.09–0.56) 1.39 (1.1–1.75) <0.001  24.10 2 
Constants at ER 
Temperature     32.33   

<37 Ref Ref –   
37–38 0.46 (0.34–0.57) 1.58 (1.41–1.77) <0.0001  2 
>38 1.02 (0.82–1.23) 2.79 (2.27–3.42) <0.0001  6 
Missing 0.08 (− 0.19–0.35) 1.08 (0.83–1.42) 0.45  0 

SpO2     165.66  
>94 Ref Ref –   
90–94 1.61 (1.46–1.76) 5 (4.29–5.81) <0.0001  9 
<90 2.4 (2.07–2.73) 11.02 (7.9–15.38) <0.0001  13 
Missing 0.35 (0.1–0.59) 1.41 (1.11–1.81) <0.001  2 

Heart rate and blood pressure     29.39  
Normal Ref Ref –   
Medium 0.18 (0.08–0.29) 1.2 (1.08–1.33) <0.0001  1 
High 0.39 (0.17–0.6) 1.47 (1.19–1.83) <0.0001  2 
Missing − 0.17 (− 0.45–0.12) 0.84 (0.64–1.12) 0.12  0  

Train (99 %CI) Test (99 %CI)   
AUC 0.8347 (0.8273–0.8420) 0.8327 (0.8253–0.8401) 0.8438 (0.8302–0.8575) 
AUC_score continuous 0.8251 (0.8175–0.8327) 0.8227 (0.8152–0.8303) 0.8376 (0.8237–0.8516) 
AUC_ score categorical (9,14,19,24) 0.8204 (0.8127–0.8281) 0.8178 (0.8100–0.8255) 0.8292 (0.8147–0.8437) 
AUPRC 0.864 (0.8554–0.8721) 0.8641 (0.8555–0.8722) 0.7326 (0.7068–0.7569) 
AUPRC_score continuous 0.8563 (0.8475–0.8646) 0.8562 (0.8475–0.8645) 0.7205 (0.6943–0.7452) 
AUPRC score categorical (9,14,19,24) 0.8486 (0.8397–0.8571) 0.8454 (0.8364–0.854) 0.7031 (0.6765–0.7283) 

SpO2: Oxygen saturation. 
Risk score range: 0–62. Cut-off points of categorical scale at 9, 14, 19, 2. 
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significant risk factors for adverse evolution [34,37,50]. A higher pro
portion of men than women have died, which could be partly explained 
by the greater effect of age among men [51]. Furthermore, it has been 
hypothesized that age-related decline and dysregulation of the immune 
function, i.e., immunosenescence and inflammation, may play an 
important role in contributing to increased vulnerability to severe 
COVID-19 outcomes in older adults [52]. As for sex, immunological 
differences suggest that women mount a rapid and aggressive innate 
immune response, and angiotensin-converting enzyme 2 (ACE2) is 
involved in disease pathogenesis in cardiovascular disease and COVID- 
19, either to serve as a protective mechanism by deactivating the RAS 
or as the receptor for viral entry, respectively [53]. Furthermore, 
circulating sex hormones in men and women could influence suscepti
bility to COVID-19 infection, as demonstrated in a previous study, since 
they modulate adaptive and innate immunity responses [51]. 

Finally, in cases where simple basic vital signs data is available, we 
show that alteration of any of those constants is related to adverse 
evolution, improving the predictive ability of our models, findings 
already described in other studies [54]. 

Not too many studies have focused on developing predictive models 
for the general population [55]. Most of them center in hospital 
admitted patients, which may imply a bias, and their adverse outcomes, 
and most have as potential predictors laboratory data or combined 

laboratory data with other clinical data, which requires to perform 
previous lab test, which is not our case. 

Amongst the strengths of this study are the enormous sample size, 
which includes all epidemics and patients in our region up to the 
beginning of last year, the inclusion of three outcomes, and the external 
validation of the models in the wave of the more recent and less severe 
Omicron variant. In developing all predictive models, we followed the 
standards of the TRIPOD guidelines [56] as well as other requirements 
to ensure fairness and equity of our models in terms of equal outcomes, 
allocation and performance of our models [57–59]. The three models are 
based on variables that are easy to obtain in any setting, easy to calculate 
and provide a quick prediction of the patient’s risk. Those different 
prediction models will be also available in short in an easy-to-use soft
ware. As a practical proposal, patients with low scores (very low or low 
classes for death or adverse evolution) can safely stay at home, while 
those in high or very high classes should be seen at a hospital level and 
more intensive care should be considered. In the case of patients in the 
moderate class, their particular casuistry in terms of age, baseline 
comorbidities, and clinical presentation should be individually 
analyzed. In order to facilitate decision making in practice, we have 
developed a very easy to use shiny application, which incorporates the 
models developed and allows to identify the risk based on the catego
rized score of each patient. In any case, the clinical judgment for each 

Table 5 
True positive rate (TPR), True negative rate (TNR) and Net Benefit (NB) according to different cutoff points in train, test and Omicron samples, reported in percentages 
for COVID 19 patients who attended ER (N = 46,402).   

TRAIN Sample TEST Sample OMICRON Sample 

TPR TNR NB F1 BA TPR TNR NB F1 BA TPR TNR NB F1 BA 

Death Model based on 5 risk groups 
Score ≥ 16 99.06 48.95  9.01  29.59  74.01 98.85 49.73  8.48  28.71  74.29 97.28 68.88  4.52  25.45  83.08 
Score ≥ 21 94.96 70.20  7.73  40.44  82.58 94.70 70.50  7.24  39.28  82.60 88.56 83.19  3.62  35.77  85.88 
Score ≥ 25 82.08 83.99  5.48  49.79  83.04 82.80 84.58  5.22  49.72  83.69 71.93 91.54  2.08  44.11  81.74 
Score ≥ 29 54.49 93.64  2.52  51.13  74.07 54.61 93.67  2.38  50.51  74.14 39.51 96.82  0.62  40.00  68.17 

Adverse Evolution Model based on 5 risk groups 
Score ≥ 7 98.47 28.37  12.47  32.44  63.42 97.92 28.39  11.74  31.47  63.16 96.38 53.83  5.96  25.01  75.11 
Score ≥ 10 91.55 55.12  10.25  40.91  73.34 90.99 55.38  9.63  39.96  73.19 84.38 77.59  4.57  36.43  80.99 
Score ≥ 13 75.39 77.93  7.13  50.05  76.66 73.27 77.99  6.55  48.25  75.63 62.48 90.59  2.77  44.69  76.54 
Score ≥ 17 41.68 93.43  2.58  46.54  67.56 41.41 93.38  2.44  45.84  67.40 28.00 97.34  0.55  34.75  62.67 

Hospital Admission Model based on 5 risk groups 
Score ≥ 9 95,47 28,62  44.28  76.77  62.05 94,94 29,4  43.65  76.50  62.17 87,78 55,78  19.76  59.54  71.78 
Score ≥ 14 83,15 62,15  34.67  78.67  72.65 82,4 62,42  33.92  78.20  72.41 72,42 81,14  14.44  66.41  76.78 
Score ≥ 19 65,15 83,16  24.13  73.32  74.16 64,35 83,98  23.91  72.95  74.17 49,88 93,57  8.86  60.30  71.73 
Score ≥ 24 44,12 93,38  13.16  59.20  68.75 43,76 94,08  13.63  59.05  68.92 31,17 97,72  4.48  45.60  64.45  

Fig. 2. Bar chart representing the probability of risk for each of the outcomes (Death, Adverse Evolution and Hospital Admission) and the five risk groups in the 
Omicron sample COVID 19 patients who attended ER (N = 46,402). 
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Fig. 3. ROC and Precision-Recall Curves for the continuous score for COVID 19 patients who attended ERs adjusted in the Train, Test and Omicron samples, for each 
of the outcomes: A) Death, B) Adverse Evolution and C) Hospital Admission. 

Fig. 4. Calibration plots for the prediction model for COVID 19 patients who attended ERs adjusted in the Train, Test and Omicron samples, for each of the outcomes: 
A) Death, B) Adverse Evolution and C) Hospital Admission. 
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individual patient should prevail. Regarding the limitations, our data is 
limited to baseline diseases and treatments plus sociodemographic data, 
without subsequent clinical follow-up information on those admitted. It 
was decided to proceed in this way in order to select the basic infor
mation we believed to be most reliable and easiest to obtain in any 
setting. Calibration plots show an overestimation of the probability of 
event in the Omicron sample which makes sense in part because the 
prevalence of the outcomes with this variant is statistically lower. 
Nonetheless, the AUC of all models is very high, even in the case of 
hospitalized patients, and is replicated in the Omicron sample, and good 
(small) Brier scores were obtained. 

These analyses provide very useful practical tools both in the field of 
primary care and in emergency and hospital settings for making de
cisions on follow-up and treatment of these patients, including during 
the current Omicron wave. This may allow better clinical follow-up and 
case management. 
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Summary table. 
What was already known on the topic.  

• The SARS-CoV-2 infection severity is changing depending on 
variants. 

• Different predictive models of adverse evolution have been devel
oped but need to be updated.  

• COVID-19 will not disappear in the short or medium term. 

What this study added to our knowledge.  

• We present models developed in a whole large sample of our area 
during six waves of the pandemic.  

• Developed predictive models are based on variables easy to obtain in 
any setting, easy to calculate and provide a quick prediction tool of 
the patient’s risk.  

• Those tools can be used in the field of primary care and in emergency 
and hospital settings for making decisions on follow-up and treat
ment of these patients 
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Supplementary data to this article can be found online at https://doi. 
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