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Machine learning models for the prediction 2
of COVID-19 prognosis in the primary health
care setting
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Abstract

Background Establishing risk factors associated with severity and prognosis in the early stages of the disease is
important to identify patients who need specialized care. Creating new clinical tools to improve health decisions and
outcomes in the population is essential.

Methods This study aimed to identify prognostic factors associated with poor outcomes of COVID-19 at diagnosis
in Primary Health Care (PHC).We conducted a retrospective, longitudinal study using the SIDIAP database, part of the
PHC Information System of Catalonia. The analysis included COVID-19 cases diagnosed in patients aged 18 and older
from March 2020 to September 2022. Follow-up was conducted for 90 days post-diagnosis or until death. Various
machine learning models of differing complexities were used to predict short-term events, including mortality and
hospital complications. Each model was tailored to maximize the predictive accuracy for poor outcomes, exploring
algorithms such as Generalized Linear Models, flexible GLMs with Lasso, Gradient Boosting Models, and Support
Vector Machines, with the model demonstrating the highest Area Under the Curve (AUC) selected for optimal
performance.

Results A total of 2,162,187 COVID-19 cases were identified across five epidemic waves. Key predictors of short-term
complications included age and the epidemic wave. Additional significant factors encompassed social deprivation
(MEDEA), blood pressure, cardiovascular history, chronic obstructive pulmonary disease (COPD), obesity, and diabetes
mellitus. The models exhibited high performance, with AUC values ranging from 0.73 to 0.95. A web application was
developed to estimate the risk of adverse outcomes based on individual patient profiles (https://dapcat.shinyapps.io/
CovidScore).
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Conclusions In addition to age and epidemic wave, predictors such as social deprivation, diabetes mellitus, obesity,
COPD, cardiovascular disease, high blood pressure, and dyslipidemia significantly indicate poor prognosis in COVID-19
patients diagnosed in PHC, and the developed application facilitates risk quantification for individual patients.

Keywords COVID-19, Primary health care, Prognostic factors, Predictors, Artificial intelligence, Machine learning,

GENERAL practice, Family medicine

Introduction

The COVID-19 pandemic has posed unprecedented chal-
lenges to healthcare systems globally. Since its identifica-
tion in December 2019 in Wuhan, China, this virus has
spread rapidly, affecting millions and causing an interna-
tional global health crisis [1]. Until December 2022, more
than 704 million cases and more than 6.7 million deaths
were reported [2]. In this context, the best strategy to
control this pandemic has been discussed (Zero COVID-
19 vs. mitigation) [3]. However, in most healthcare set-
tings, primary healthcare (PHC) has played a crucial role
in the response to the pandemic [4].

In Europe, the first cases of COVID-19 were detected
in January 2020, reaching a peak in this first wave on
March 31; Spain had a cumulative incidence of 178.03/1
million inhabitants, followed by Italy with 92.66 and Aus-
tria with 61.14 [2]. The first cases in Spain were detected
in February 2020, [5], and a state of alarm was declared
on March 15, 2020, which lasted until June 21, 2020. Dur-
ing this period, the Ministry of Health was in charge of
the protocols and organization of healthcare related to
COVID-19 nationwide [4].

PHC was instrumental in detecting, monitoring, and
treating patients and their contacts worldwide. The role
of PHC varied significantly between countries, and the
different health system models influenced it. There were
two main challenges for PHC: 1) to clearly define its role
in providing an effective contribution to the prevention,
diagnosis, and treatment of COVID-19 and, thus, reor-
ganize accordingly; 2) to identify new ways of providing
regular health services and maintaining the quality of
care for non-COVID-19 patients [6].

The evolution of COVID-19 has shown considerable
variability in the risk of severe complications and mor-
tality, depending on the individual characteristics of the
patients [7]. Known risk factors include high blood pres-
sure, diabetes mellitus, chronic lung diseases, and obe-
sity. Other prognostic factors may vary depending on
the epidemic's different phases and the population's vac-
cination status [7, 8]. Some factors are present during
diagnosis, while others can be identified through comple-
mentary analysis or tests.

Guidance to support general practitioners in managing
future waves of COVID-19 or other health emergencies
should be tailored to general practice from the outset.
Establishing risk factors associated with severity and
prognosis in the early stages of the disease is important

to identify patients who need specialized care as a prior-
ity. For this reason, creating new clinical tools to improve
health decisions and outcomes in the population is essen-
tial. While many COVID-19 prediction models exist [9],
most are based on hospitalized populations and require
laboratory or imaging data not available at the time of
diagnosis in primary care. Our study addresses this gap
by developing models based on a large primary care
cohort in Catalonia, using only information available at
first contact. This makes the model practical for early risk
stratification in community settings.

Our study aimed to develop machine learning models
to identify prognostic factors and predict the outcome
in subjects with COVID-19 during diagnosis in PHC
settings.

Material and methods

General design

We conducted a retrospective cohort study using data
from the PHC Information System of Catalonia (SID-
IAP) database, which includes the healthcare data from
individuals from all PHC centers and hospitals within
the Catalan Health System (CatSalut), the main health-
care provider in Catalonia, Northeast Spain. The data
from SIDIAP, includes pseudonymized electronic health
records for over 8 million individuals since 2006 covering
approximately 75% of the Catalan population [10]. SID-
IAP contains high-quality data on diagnoses, prescrip-
tions, laboratory tests, mortality, and sociodemographic
factors, and is representative of the general population in
Catalonia Northeast Spain.

Study selection criteria

During the observational period (the initial two and half
years of the pandemic, 03/2020-09/2022), we included
all individuals in the database with a positive COVID-19
diagnostic test or diagnostic code (ICD-10: B34.2; B97.2;
B97.21; B97.29; J12.81; J12.89; U07.1; Z20.828; J12.89;
J20.8; J22; J40; ]80; ]98.8). We only selected subjects aged
18 years or older with at least one year of data as a regis-
tered user in the SIDIAP database. During the study, each
episode of SARS-CoV-2 infection in the same patient was
considered as an independent COVID-19 case. To avoid
counting follow-up tests or prolonged viral shedding as
separate infections, we defined a new SARS-CoV-2 infec-
tion episode only if at least 150 days had passed since
the previous diagnosis in the same patient. Consecutive
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positive tests within a 150-day period were considered
part of the same episode. Epidemic waves were defined
according to national public health criteria, based on
increases, peaks, and declines in case numbers, as
described by the Spanish Ministry of Health [11].

Study variables

Variables available in PHC at the time of identification
and/or diagnosis of each COVID-19 patient were evalu-
ated as potential predictors. These included sociodemo-
graphic factors: age, sex, the MEDEA deprivation index
(Mortality in small Spanish areas and Socioeconomic and
Environmental Inequalities) [12], toxic habits (e.g., smok-
ing), vaccination status, and the infection period (pan-
demic wave). Clinically relevant medical conditions were
identified by the presence of ICD-10 diagnostic codes for
diabetes mellitus, cardiovascular disease, obesity, isch-
emic heart disease, stroke, heart failure, peripheral arte-
rial disease, chronic kidney disease (CKD), hypertension,
dyslipidemia, diabetic retinopathy, diabetic neuropathy,
dementia, asthma, COPD, obstructive sleep apnea syn-
drome and/or use of CPAP, deep vein thrombosis, HIV
and malignancies. We collected the following clinical
variables closest to the inclusion date, within a window
of one year prior to inclusion: HbAlc, body mass index
(BMI), blood pressure, lipid profile, aspartate transami-
nase (AST) and alanine transaminase (also known as
alanine aminotransferase) (ALT), estimated glomerular
filtration rate (eGFR), urine albumin to creatinine ratio
(ACR), C reactive protein (CRP), leukocytes, leukocyte
formula, hemoglobin, ferritin, platelets, lactate dehydro-
genase (LDH), and ferritin levels.

Study events

The follow-up period was defined as the time from the
date of COVID-19 diagnosis to a maximum of 90 days
after inclusion or until death. We assessed the following
events: death from any cause, hospitalization, admission
to the intensive care unit (ICU), and complications attrib-
uted to COVID-19, including the need for mechanical
ventilation, as well as respiratory, neurological, throm-
botic, and cardiovascular complications. Study outcomes
were identified using diagnostic codes and hospital dis-
charge records from electronic health data. The ICD-10
codes used to define comorbidities and outcomes are
provided in Supplementary Table 1.

Statistical analysis

A descriptive analysis was performed on the 2,162,187
identified COVID-19 cases across five epidemic waves.
To optimize the modeling process and avoid unneces-
sary use of computational resources, a random sample
of 100,000 cases was selected from the initial dataset for
training and testing. The learning curves for the selected
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models were generated [13], showing that the AUC for
the test and training samples stabilized and converged
after approximately 40,000 cases (see learning curves in
Supplementary Fig. 1).

The model construction process included: data pre-
processing, selection of training (75%) and validation
(25%) samples, selection of the machine learning (ML)
algorithm with the best performance, and the type of
ML of different levels of complexity: The types of algo-
rithms tested included generalized polynomial models
(GLM), flexible GLM with Lasso (elastic net regulariza-
tion), gradient boosting models (GBM), and support vec-
tor machine (SVM) models. The model chosen was the
one that demonstrated the best performance, based on
the AUC criteria and following the parsimony principle
by selecting only the most important features for each
model.

The process also involved adjusting, validating, opti-
mizing, and selecting the most optimal model, followed
by its implementation within an integrated application.
The initial variables included for the models followed
semi-agnostic criteria, prioritizing those with known
clinical associations with the outcomes under study. All
models were designed to include sociodemographic vari-
ables such as age, sex, and epidemic wave. For continuous
variables with potential missing values (excluding age),
quantile-based categorization strategies that included
a'missing'category were used to account for incomplete
data.

Finally, the selected model was implemented in a
Shiny-based APP (https://dapcat.shinyapps.io/CovidSco
re), where the risk of each event was calculated for each
associated model, with graphical representations of risk
levels and the importance of each variable. The entire
process of data management, statistical analysis, and
model construction was carried out using the R Core
Team (2022) software [14], along with the shiny R pack-
age [15] for the implementation of the models. The XAI
(Explainable AI) methodology was applied to improve the
transparency and interpretability of the machine learn-
ing models using the DALEX (v2.4.3) R package [16].
This package offers graphical tools that provide model-
agnostic explainers for exploring and understanding
complex predictive models, such as neural networks and
ensembles. These explainers facilitate the decomposi-
tion of predictions, performance assessment, and model
comparison, thereby aiding in the validation and inter-
pretation of predictive'black boxes'. The main R packages
utilized for the modeling were stats [17], GLMnet [18],
gbm [19], E1071 [20], and caret [13]. The study has been
reported in accordance with the TRIPOD + Al guidelines
for prediction model development and validation (see
TRIPOD + AI checklist Supplementary material 2).
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Results

Evolution of COVID-19 cases and epidemic waves

A total of 2,162,187 cases of COVID-19 were identified
between March 2020 and September 2022 in 5 epidemic
waves. A total of 242,692 (11.2%) cases were diagnosed
in the first wave, 736,020 (34.0%) in the second, 329,230
(15.2%) in the third, 199,606 (9.23%) in the fourth, and
654,639 (30.3%) in the fifth (Fig. 1).

Characteristics of COVID-19 cases

The study population had a mean age of 46.5 years (stan-
dard deviation [SD]=18.5), and 56.5% were female.
Among the participants, 24.6% were smokers, and 32.8%
had received at least one dose of a COVID-19 vaccine.
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The proportion of vaccinated individuals increased
across successive waves. Additional sociodemographic
characteristics and clinical variables, overall and by wave,
are detailed in Table 1.

Incidence of complications post COVID-19

The descriptive analysis of incidence rates per event,
particularly in the context of waves, shows a progressive
reduction in case fatality rate (CFR) (overall and hospi-
tal), hospital admission, and different complications over
time (Table 2). The highest incidence rate was for respi-
ratory complications, at 7.4% (excluding composite end-
point non-fatal complications), while the lowest was for

Temporal evolution of daily COVID-19 cases detected and diagnosed in Primary Care
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Fig. 1 Graphical representation of the evolution of COVID-19 cases in five epidemic waves in Catalonia from March 2020 to September 2022
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Table 1 Characteristics of the study population in each epidemic wave

Waves [ALL] First Second Third Forth Fifth +
Variables N=2,162,187 N=242,692 N=736,020 N=329,230 N=199,606 N=654,639
Age, mean, SD, years 46.5(18.5) 52.1(19.2) 459(18.3) 47.2(18.1) 44.0(17.5) 456 (18.6)
Sex, n (%), female 1222269 (56.5) 140324 (57.8) 401903 (54.6) 179407 (54.5) 105940 (53.1) 394695 (60.3)
MEDEA, n (%)
U1 316596 (14.6) 33501 (13.8) 104030 (14.1) 49025 (14.9) 32320(16.2) 97720 (14.9)
U2 313686 (14.5) 34354 (14.2) 105396 (14.3) 47141 (14.3) 30092 (15.1) 96703 (14.8)
U3 310383 (144) 34280 (14.1) 106392 (14.5) 47201 (14.3) 28355 (14.2) 94155 (14.4)
U4 305759 (14.1) 33133 (13.7) 107064 (14.5) 46494 (14.1) 27255 (13.7) 91813 (14.0)
us 305682 (14.1) 31380 (12.9) 11500 (15.1) 46871 (14.2) 26674 (134) 89257 (13.6)
Missing 610081 (28.2) 76044 (31.3) 201638 (27.4) 92498 (28.1) 54910 (27.5) 184991 (28.3)
Smoking, n (%)
Smoker 466112 (24.6) 50035 (22.9) 159812 (24.9) 71568 (25.0) 42527 (25.0) 142170 (24.5)
Former smoker 388058 (20.5) 51125 (23.4) 125368 (19.6) 58833 (20.5) 32636 (19.2) 120096 (20.7)
Clinical parameters, mean, SD
Diastolic BP [mm Hg] 765 (10.6) 758 (10.5) 764 (10.6) 772(10.8) 776 (10.7) 76.6 (10.6)
Systolic BP [mm Hg] 28 (16.0) 127 (15.5) 127 (16.0) 0(16.6) 129 (16.2) 127 (15.9)
Total cholesterol 194 (42.4) 193 (42.4) 194 (42.7) 197 (4 1) 197 (42.5) 194 (41.7)
LDL cholesterol 120 (35.3) 120 (35.3) 120 (35.7) 121 (36.0) 121(35.6) 119 (34.7)
Triglycerides 131 (87.4) 130 (83.3) 134 (92.0) 134 (89.5) 134 (91.2) 128 (83.1)
Comorbidities, n (%)
Ischemic heart disease 59666 (2.76) 9851 (4.06) 18984 (2.58) 8958 (2.72) 4203 (2.11) 17670 (2.70)
Cerebrovascular disease 65526 (3.03) 12092 (4.98) 20070 (2.73) 9033 (2.74) 3926 (1.97) 20405 (3.12)
Sleep apnea 64175 (2.97) 8798 (3.63) 20087 (2.73) 9665 (2.94) 5260 (2.64) 20365 (3.11)
Asthma 194611 (9.00) 22377 (9.22) 61526 (8.36) 26595 (8.08) 16669 (8.35) 67444 (10.3)
Dementia 84295 (3.90) 19726 (8.13) 22921 (3.11) 9097 (2.76) 3240 (1.62) 29311 (4.48)
Heart failure 55151 (2.55) 10888 (4.49) 15911 (2.16) 7254 (2.20) 3130(1.57) 17968 (2.74)
Chronic kidney disease 141873 (6.56) 25771 (10.6) 43265 (5.88) 20091 (6.10) 9081 (4.55) 43665 (6.67)
Depression 254619 (11.8) 36275 (14.9) 80337 (10.9) 35627 (10.8) 19225 (9.63) 83155 (12.7)
Diabetes mellitus 201221 (9.31) 29968 (12.3) 66052 (8.97) 30677 (9.32) 15523 (7.78) 59001 (9.01)
Obesity 146802 (6.79) 24525 (10.1) 47960 (6.52) 17198 (5.22) 10274 (5.15) 46845 (7.16)
COPD 69510 (3.21) 11299 (4.66) 21693 (2.95) 9996 (3.04) 5017 (2.51) 21505 (3.29)
Peripheral artery disease 24653 (1.14) 4205 (1.73) 7793 (1.06) 3748 (1.14) 1644 (0.82) 7263 (1.11)
Cancer 111142 (5.14) 16535 (6.81) 35514 (4.83) 17051 (5.18) 8600 (4.31) 33442 (5.11)
Vaccination, n (%)
None 1453173 (67.2) 242692 (100) 732362 (99.5) 294155 (89.3) 117730 (59.0) 66234 (10.1)
1 dose 318051 (14.7) 0(0.00) 3555 (0.48) 22185 (6.74) 43771 (21.9) 248540 (38.0)
2+doses 390963 (18.1) 0 (0.00) 103 (0.01) 12890 (3.92) 38105 (19.1) 339865 (51.9)

BP blood pressure, COPD chronic obstructive pulmonary disease, LDL low-density lipoprotein, SD standard deviation

Table 2 Complications for each epidemic wave from March 2020 to September 2022

Waves [ALL] First Second Third Forth Fifth +
Events N=2162187 N=242,692 N=736020 N=329230 N=199606 N=654639
CFR, n (%) 42133 (1.95) 13210 (5.44) 15006 (2.04) 5212 (1.58) 1872 (0.94) 6833 (1.04)
Hospital CFR, n (%) 11087 (0.51) 3103 (1.28) 4102 (0.56) 1553 (0.47) 563 (0.28) 1766 (0.27)
Hospital admission, n (%) 130588 (6.04) 25443 (10.5) 54329 (7.38) 20216 (6.14) 9298 (4.66) 21302 (3.25)
Mechanical ventilation, n (%) 4670 (0.22) 1138(047) 1975 (0.27) 621 (0.19) 304 (0.15) 632 (0.10)
ICU, n (%) 11133 (0.51) 2196 (0.90) 4793 (0.65) 1764 (0.54) 904 (0.45) 1476 (0.23)
Cardiovascular complications, n (%) 115500 (5.34) 23329 (961) 47455 (6.45) 18469 (5.61) 8370 (4.19) 17877 (2.73)
Neurological complications, n (%) 57118 (2.64) 14227 (5.86) 23638 (3.21) 8240 (2.50) 3156 (1.58) 7857 (1.20)
Thrombotic complications, n (%) 3155(0.15) 673 (0.28) 1320 (0.18) 486 (0.15) 236 (0.12) 440 (0.07)
Respiratory complications, n (%) 160163 (7.41) 28649 (11.8) 61565 (8.36) 23598 (7.17) 12795 (6.41) 33556 (5.13)
Non-fatal complication, n (%) 270181 (12.5) 50572 (20.8) 107725 (14.6) 41448 (12.6) 20606 (10.3) 49830 (7.61)

CFR: case fatality rate, ICU intensive care unit
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thrombotic complications, affecting only 0.15% of the
population.

Predictors according to the selected model

The predictor variables selected for different events and
the type of model are summarized in Supplementary
Table 2. The models showed high performance, with the
AUC ranging from 0.73, 95%CI (0.72;0.73) to 0.95, 95%CI
(0.94;0.95). We found that the predictors for short-term
complications with greater weight common to all mod-
els were age and epidemic wave. Other common predic-
tors in our analysis were the deprivation index (MEDEA),
blood pressure, presence of cardiovascular disease,
COPD, diabetes, obesity, or chronic kidney disease. The
mortality model had the highest performance with an
AUC of 0.95, 95%CI (0.94;0.95), while the respiratory
model had the lowest at 0.73, 95%CI (0.72;0.73). This and
other performance metrics for each event model can be
seen in Supplementary Table 3.

Implementation of models

The models integrated into the APP-Web model can be
accessed through this link: (https://dapcat.shinyapps.
io/CovidScore). Based on a patient's profile, this app es
timates the risk for each endpoint (e.g., mortality, hos-
pital admission, cardiovascular complications, etc., as
shown in Supplementary Fig. 2). Supplementary Fig. 2
presents a bar plot of the app’s main screen, illustrating
an example patient profile and the corresponding output,
which includes a bar plot showing the risk estimations for
each endpoint. Additionally, the app visually displays the
breakdown profile, overall model performance, feature
importance, and the local performance of each model for
individual patient profiles.

Breakdown profile

For each risk estimate (e.g., mortality, hospital admis-
sion, cardiovascular complications, etc.), the app pro-
vides details of the contribution of each factor to the
final probability calculation (see Breakdown profile in h
ttps://dapcat.shinyapps.io/CovidScore, with an example
for the CV outcome shown in Supplementary Fig. 3).
The breakdown profile plot decomposes the estimated
risk for each prediction. For example, for the risk esti-
mate of cardiovascular complications, the plot provides
detailed insights into the contribution of each factor to
the final probability calculation. For a 97-year-old male
with chronic kidney disease, being 97 years old increases
the risk of 9.5%, being male increases the risk of 1.7%,
and the presence of diabetes increases the risk of 4.2%,
respectively, to the final estimated risk of 34%.
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Feature-importance and ROC curve by model

In Supplementary Fig. 4, predictors for the mortal-
ity model are displayed and ranked according to their
relative importance (feature importance) as determined
by the model, along with the ROC curve comparing
the training sample to the test sample. In the mortality
model, the most important features were the COVID
wave, sex, and neoplasia condition. The ROC curve
showed good discrimination in both the test and train-
ing samples. The results of feature importance and ROC
curves for the other endpoints can be seen on the app
web.

Discussion

This retrospective study analyzed over 2 million COVID-
19 cases from March 2020 to September 2022 across
multiple COVID-19 waves, with follow-up 90 days post-
diagnosis or until death. Our study underscores the
significant impact of COVID-19 on PHC in the initial
years of this pandemic in Catalonia. Furthermore, using
machine learning models (GLMs, Lasso, Gradient Boost-
ing, SVMs), we identified key predictors of poor out-
comes, such as age, social deprivation (MEDEA), blood
pressure, and a history of either diabetes, COPD, cardio-
vascular disease, or obesity. The models showed strong
predictive accuracy (AUC: 0.73, 95%CI (0.72;0.73)—-0.95,
95%CI (0.94;0.95)). Finally, using these models, an inter-
active web app was developed for personalized risk esti-
mation (https://dapcat.shinyapps.io/CovidScore).

We found that the CFR was highest during the first
wave of the pandemic, gradually decreasing in subse-
quent waves, with the second wave showing the high-
est incidence of cases. The higher comorbidity burden
observed in the first wave may reflect limited testing
availability during that period, which likely focused
on more severe cases. The decrease in the CFR may be
attributed to a combination of increased immunity (due
to vaccination and SARS-CoV-2 infections), better iden-
tification of more severe cases, and the lower pathoge-
nicity of recent variants like Omicron. Overall, these
findings suggest changes in the SARS-CoV-2 virus, an
adaptive response in healthcare, and improvements in
the prevention (i.e., via vaccination) and treatment of
complications as the pandemic progressed [21].

Regarding predictors of poor prognosis at the time of
COVID-19 diagnosis in PHC, we identified older age,
epidemic wave, social deprivation, and a history of dia-
betes, obesity, chronic obstructive pulmonary disease
(COPD), cardiovascular disease, hypertension, and dys-
lipidemia. While study results vary across different popu-
lations, numerous studies have identified advanced age
and comorbidities such as hypertension, cardiovascular
disease, COPD, and diabetes as predictors of increased
COVID-19 severity [22-24]. Additionally, social
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deprivation indicators, such as the MEDEA index, have
been associated with poorer outcomes in terms of sever-
ity and mortality, underscoring the multifactorial nature
of COVID-19 outcomes. Understanding and addressing
these predictive factors is crucial for improving manage-
ment and outcomes in affected patients. The inclusion
of'epidemic wave'reflects the changing contextual fac-
tors, such as virus variants, public health measures, and
healthcare strain that significantly influenced outcomes
[25]. However, this limits the direct application in future
waves. In such cases, the most recent wave may be used
as an initial reference, while outcome data are monitored
to reassess and recalibrate the model accordingly. Ide-
ally, prediction models should be dynamically updated to
remain accurate and clinically useful during future epi-
demic scenarios.

Conditions associated with low-grade chronic inflam-
mation, such as obesity and diabetes mellitus, are also
relevant at the metabolic level [26]. Several systematic
reviews have provided consistent evidence that diabetes
and obesity are associated with poorer COVID-19 out-
comes, which agrees with our study [27]. Although the
reasons for this association are not entirely clear, these
conditions could exacerbate respiratory problems and/or
affect immune responses. A systematic review and meta-
analyses on high-risk phenotypes in people with diabetes
determined that individuals with a more severe course
of diabetes and pre-existing comorbidities had a poorer
prognosis of COVID-19 than individuals with a milder
course of the disease, highlighting the need for individu-
alized and proactive management strategies for high-risk
patients [28].

At the hospital level, predictive models like the ISARIC
4.C have been developed to anticipate clinical deteriora-
tion (including mortality, ICU admission, or intubation),
assessing age, gender, comorbidities, and nosocomial
infection [29]. A similar study in the United Kingdom,
utilizing computerized PHC medical records, developed
predictive algorithms for COVID-19 mortality and hos-
pital admission risk. Factors such as age, body weight,
ethnicity, and social risk explained 73% of COVID-19
deaths and 58% of hospital admissions, suggesting peri-
odic recalibration of these models to reflect the evolving
nature of the pandemic [30]. An early pandemic study on
PHC identified key risk factors for ICU admission and
mortality, including advanced age, male gender, autoim-
mune disease, bilateral pulmonary infiltrates, and ele-
vated LDH, D-dimer, and C-reactive protein. Protective
factors included myalgias, arthralgias, and anosmia [31].

Recent advances in Al and machine learning have
significantly contributed to managing the COVID-19
pandemic by aiding in detection, treatment, mortality
prediction, and infection modeling to reduce virus spread
[32-34].
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In this study, we used machine learning to develop pre-
dictive models and then used these models to develop
an app. The app provides comprehensive information
to estimate the risk of COVID-19 prognosis outcomes
for individuals based on their risk factors (e.g., age, sex,
comorbidities, vaccination status, COVID-19 wave). This
approach could be used in PHC to identify individuals
needing closer monitoring and interventions to prevent
serious complications and hospitalization. Moreover,
model calibration was assessed using the Brier Score,
which integrates both discrimination and calibration
aspects. All models showed low Brier Scores, suggest-
ing a high level of agreement between predicted and
observed risks. Given the large, representative nature
of the dataset, we expect limited calibration drift within
this population. Nonetheless, we acknowledge that exter-
nal validation with calibration plots and slope/intercept
assessment would be useful to confirm generalizability in
other settings. Although COVID-19 is now endemic, this
study highlights the importance of early risk stratification
in primary care based on routine data at diagnosis. These
findings may inform preparedness for future COVID-19
waves or other infectious outbreaks, where identifying
predictors of poor outcomes at diagnosis remains key to
guiding timely care.

Our study has limitations inherent to its retrospec-
tive design. Outcomes depend on the quality of existing
clinical records not specifically collected for this research
and have yet to undergo individual validation. Some out-
comes may have been underreported or misclassified,
especially if they were managed outside the hospital set-
ting or not fully captured in the electronic health records.
However, major outcomes such as mortality, hospital-
ization, and ICU admission are reliably recorded within
the system. A notable limitation is the potential impact
of vaccine implementation on epidemiology and prog-
nosis, which underscores the need to recalibrate pre-
dictive models with post-vaccination data to maintain
accuracy. Periodic updates with the latest available data
are essential to ensure the continued relevance of these
models. Although no predictive model is perfect for
COVID-19 patients, our models serve as valuable tools
to estimate the risk of complications, helping to identify
patients who require closer monitoring. However, the
accuracy of these models can be affected by variations in
the detection and recording of symptoms and risk fac-
tors by different healthcare professionals. Moreover, mild
COVID-19 cases may have gone unrecorded in PHC,
potentially leading to their exclusion from our study pop-
ulation. Another limitation of our study is that the model
was developed using subjects with confirmed COVID-19,
whereas in primary care, clinicians often assess patients
with suspected infection before test confirmation. This
may limit applicability in early diagnostic uncertainty.
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Moreover, the model remains useful for risk stratification
once a diagnosis is confirmed in the primary care setting.
Additionally, the study benefits from using the SIDIAP
database, which includes a substantial patient cohort and
is a well-validated source for epidemiological and phar-
maco-epidemiological studies within the Catalan primary
care setting. This database not only provides standard-
ized clinical data (including health issues, physical exams,
lab results, and medication records) from pseudo-anony-
mized electronic health records but was also specifically
updated to include COVID-19-related variables (such
as diagnostic tests and procedures), enabling research-
ers to conduct targeted epidemiological studies. Despite
the fact that we used a large, representative dataset and
validated the models on a separate 25% test set, external
validation was not performed. This may lead to overes-
timation of performance. External validation using more
recent data or in other populations, such as from differ-
ent regions, healthcare systems, or countries is needed
to confirm the model’s generalizability and ensure robust
performance of the predictive models across evolving
clinical contexts.

Conclusions

This study highlights the importance of different prog-
nostic factors, including age, epidemic wave, and
comorbidities, in assessing the risk of mortality and
complications in patients with COVID-19 diagnosed
in PHC. Identifying these predictors is crucial to opti-
mizing medical care and highlights the need for further
research and recalibration of predictive models as epi-
demiological circumstances evolve, such as vaccination.
Integrating these models into clinical practice will enable
healthcare professionals to make informed and personal-
ized decisions, thereby improving outcomes for patients
affected by COVID-19. The web application is intended
for use in patients with confirmed SARS-CoV-2 infec-
tion, especially those with risk factors for poor outcomes.
It is accessible to primary care professionals through
standard systems and would be most useful during epi-
demic waves. Formal impact studies are needed to assess
its clinical utility.
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