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Abstract
Background  Several studies explored factors related to adverse clinical outcomes among COVID-19 patients but 
lacked analysis of the impact of the temporal data shifts on the strength of association between different predictors 
and adverse outcomes. This study aims to evaluate factors related to patients and hospitals in the prediction of 
in-hospital mortality, need for invasive mechanical ventilation (IMV), and intensive care unit (ICU) transfer throughout 
the pandemic waves.

Methods  This multicenter retrospective cohort included COVID-19 patients from 39 hospitals, from March/2020 to 
August/2022. The pandemic was divided into waves: 10/03/2020-14/11/2020 (first), 15/11/2020-25/12/2021 (second), 
26/12/2021-03/08/2022 (third). Patient-related factors included clinical, demographic, and laboratory data, while 
hospital-related factors covered funding sources, accreditation, academic status, and socioeconomic characteristics. 
Shapley additive explanation (SHAP) values derived from the predictions of a light gradient-boosting machine 
(LightGBM) model were used to assess potential risk factors for death, IMV and ICU.

Results  Overall, 16,958 adult patients were included (median age 59 years, 54.7% men). LightGBM achieved 
competitive effectiveness metrics across all periods. Temporal drifts were observed due to a decrease in various 
metrics, such as the recall for the positive class [ICU: 0.4211 (wave 1) to 0.1951 (wave 3); IMV: 0.2089 (wave 1) to 0.0438 
(wave 3); death: 0.2711 (wave 1) to 0.1175 (wave 3)]. Peripheral arterial oxygen saturation to the fraction of inspired 
oxygen ratio (SatO2/FiO2) at admission had great predictive capacity for all outcomes, with an optimal cut-off value for 
death prediction of 227.78. Lymphopenia had its association strength increased over time for all outcomes, optimal 
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Background
The COVID-19 pandemic has presented a signifi-
cant challenge to healthcare systems worldwide [1, 2]. 
Throughout the pandemic years, different countries have 
experienced distinct waves of infections and deaths [3]. 
Since the first case, more than 770  million confirmed 
cases of the disease and over seven million deaths have 
been reported, although the actual number is thought to 
be higher [4]. Various factors, including the emergence of 
new SARS-CoV-2 variants, fluctuations in public health 
measures and changes in population behavior, have 
played a crucial role in the rates of infectivity, mortality 
and morbidity, thus, contributing to successive waves of 
deaths [3, 5, 6].

Although previous studies have investigated risk fac-
tors that might be associated with a higher risk of adverse 
events in hospitalized COVID-19 patients, most of them 
lack analysis of the impact of different categories of fea-
tures on adverse outcomes using a robust dataset. Also, 
they lack analysis of the impact of these features on 
model output and how this impact evolved over time [3, 
7–9].

Additionally, most of the studies use logistic regres-
sion to analyze and understand potential risk factors in 
infectious diseases. Although a popular method, widely 
used due to its simplicity and interpretability, it has limi-
tations that can affect its applicability and effectiveness 
[10]. In the context of potential non-linear relationships 
and complex interactions among variables, machine 
learning methods differentiate themselves since they 
allow the identification of interactions that a traditional 
statistical analysis might fail to fully capture [11]. Studies 
that employed machine learning methods in COVID-19 
patients were mostly conducted in developed countries, 
primarily with cohort sample sizes of less than 5,000 
patients [12].

This study aimed to assess the temporal drifts of clini-
cal, laboratory and socioeconomic characteristics at 
the time of hospital admission, on in-hospital mortal-
ity, need for invasive mechanical ventilation (IMV), and 
intensive care unit (ICU) transfer in a Brazilian cohort of 

COVID-19 patients, using advanced non-linear machine 
learning methods.

Methods
Study design and participants
This study is a substudy of the Brazilian COVID-19 Reg-
istry, a multicenter retrospective cohort of consecutive 
adult (≥ 18 years-old) COVID-19 patients from 39 dif-
ferent Brazilian hospitals, across 5 states, admitted from 
March 2020 to August 2022 [13]. The hospitals were not 
randomly chosen, they were invited to join the cohort. 
Confirmatory COVID-19 diagnosis followed the World 
Health Organization guidance [14]. The exclusion criteria 
were patients who were transferred to a non-participant 
institution, patients in palliative care, pregnant women, 
and patients who developed COVID-19 symptoms while 
admitted for other conditions.

The study was approved by the Brazilian National 
Research Ethics Committee (Comissão Nacional de Ética 
em Pesquisa– CONEP), Certificate of Presentation for 
Ethical Assessment 30350820.5.1001.0008, as well as 
internal approval of ethics boards from each hospital. 
Individual informed consent was waived by Comissão 
Nacional de Ética em Pesquisa - National Research Eth-
ics Committee due to the pandemic situation and the use 
of deidentified data, based on medical chart review only. 
The study adhered to the Declaration of Helsinki.

This reporting followed the Strengthening the Report-
ing of Observational Studies in Epidemiology (STROBE) 
guidelines for observational cohort studies [15] (table S1).

Patient-level data
Demographic information, clinical characteristics, labo-
ratory and outcome data were collected from hospital 
medical records. The data collection instrument was 
designed with reference to COVID-19 guidelines from 
the World Health Organization and the Brazilian Minis-
try of Health, as previously described [13].

Trained hospital staff or interns collected the patients’ 
information using the Research Electronic Data Capture 
(REDCap®) online tool [16, 17], hosted at the Telehealth 

threshold for death prediction of 643 × 109/L. Thrombocytopenia was the most important feature in wave 2 (ICU); 
overall, values below 143,000 × 109/L were more related to death.

Conclusion  Data drifts were observed in all scenarios, affecting potential predictive capabilities of explainable 
machine learning methods. Upon admission, SatO2/FiO2 values, platelet and lymphocyte count were significant 
predictors of adverse outcomes in COVID-19 patients. Overall, inflammatory response markers were more important 
than clinical characteristics. Limitations included sample representativeness and confounding factors. Integrating the 
drift’s knowledge into models to improve effectiveness is a challenge, requiring continuous updates and monitoring 
of performance in real-world applications.

Clinical trial number  Not applicable.

Keywords  COVID-19, Risk factors, Socioeconomic factors, Machine learning, Critical care outcomes, Mortality
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Center, University Hospital, Universidade Federal de 
Minas Gerais. Variables were described in detail previ-
ously [18].

The team involved in data collection underwent online 
training to ensure process quality. They were also pro-
vided with a coding manual, developed for this research, 
guiding data collection for each variable [13]. In case of 
any doubts about the accuracy and reliability of the data, 
the investigators contacted the centers’ representatives 
and asked them to check the information.

Socioeconomic characteristics were analyzed using 
the gross domestic product (GDP) per capita and aver-
age human development index (HDI) of each patients’ 
municipality of origin. Values were obtained from the 
Brazilian Institute of Geography and Statistics (Instituto 
Brasileiro de Geografia e Estatística-IBGE) [19].

Hospital-level data
Data regarding hospitals’ characteristics included source 
of income (public, mixed - partly public and partly pri-
vate - or private), hospitals’ accreditation, academic 
status (accredited medical residency program) and socio-
economic characteristics of each municipality where the 
hospital was located.

Source of income and academic status were obtained 
directly through each hospital website and through the 
open national database from National Registry of Health 
Facilities (Cadastro Nacional de Estabelecimentos da 
Saúde– CNES) [20]. Hospitals with mixed sources of 
income were allocated in the private group.

Hospital’s accreditation was assessed through hospital’s 
website and double checked by consulting the National 
Accreditation Organization (Organização Nacional de 
Acreditação– ONA) and the National Health Agency 
(Agência Nacional de Saúde -ANS) [21, 22].

In order to assess the socioeconomic characteristics of 
the population that attended these hospitals, we analyzed 
the GDP per capita, and HDI of each hospital municipal-
ity, also using data obtained from the Brazilian Institute 
of Geography and Statistics (Instituto Brasileiro de Geo-
grafia e Estatística-IBGE) [19].

Outcomes
The primary outcomes were in-hospital mortality, trans-
fer to ICU and IMV support. For the analysis of the 
outcome transfer to ICU, patients who were admitted 
directly to the ICU and those who required mechani-
cal ventilation at the time of hospital admission were 
excluded. Regarding the outcome IMV, patients who 
required mechanical ventilation at the time of hospital 
admission were also excluded.

Data analysis
Statistical analyses were conducted using IBM SPSS 
software (version 21.0) and R software (version 4.0.0). 
Descriptive analyses were used to summarize the vari-
ables. All the continuous variables exhibited a non-nor-
mal distribution. Therefore, they were summarized using 
medians and interquartile ranges (IQR). Categorical vari-
ables were represented through counts and percentages.

The study period was divided in three waves based on 
literature data of the number of deaths during each epi-
demiological week in Brazil. The first pandemic wave 
comprised the period from March 10th, 2020, to Novem-
ber 14th, 2020; the second wave was from November 
15th, 2020, to December 25th, 2021, and the third wave 
was from December 26th, 2021, to March 8th, 2022 [5].

Variables potentially associated with the outcomes 
were selected based on previous studies as described in a 
supplementary material (Table S2). Those with more than 
50% of missing data were excluded from the analyses.

Potential risk factors were evaluated for each out-
come during each pandemic wave using Shapley Addi-
tive Explanation (SHAP) values obtained from a Light 
Gradient-Boosting Machine (LightGBM) model. Light-
GBM is a non-linear method, based on decision trees, 
that excels in handling structured data, supporting high-
speed computation, and effectively modeling complex 
interactions and non-linear relationships [11]. SHAP was 
used in order to interpret the output obtained from the 
LightGBM model. It is a widely used method for model 
explainability. Since it assigns each feature an importance 
value for a particular prediction, it is possible to under-
stand the contribution of individual features to the mod-
el’s non-linear predictions [23].

This machine learning method is not affected by collin-
earity, and no imputation is required for the missing data. 
Boosting models, such as LightGBM, inherently handle 
missing values without explicit imputation. Rather than 
simply ignoring missing values, these models can learn 
patterns associated with missingness, leveraging the fact 
that data may be missing for informative reasons. Conse-
quently, missing cases were retained within the algorithm 
[24].

However, to further investigate the impact of miss-
ingness, a sensitivity analysis was conducted, using two 
imputation strategies: (1) mean imputation and (2) miss-
Forest imputation.

Additionally, to demonstrate the effectiveness of 
LightGBM, key evaluation measures were calculated to 
assess its classification performance for each outcome: 
micro F1, macro F1, recall (positive class), and precision 
(positive class). Micro F1 and macro F1 are two ways to 
aggregate F1 scores across multiple classes: micro F1 cal-
culates the F1 score globally by considering the total true 
positives, false negatives, and false positives across all 



Page 4 of 18Lana et al. BMC Infectious Diseases          (2025) 25:537 

classes, while macro F1 computes the F1 score for each 
class individually and then takes their unweighted aver-
age, giving equal weight to each class regardless of its 
size. Recall and precision are metrics also used to evalu-
ate the classifier effectiveness in a per-class basis: recall 
(also known as sensitivity or true positive rate) is the 
proportion of actual positive instances correctly iden-
tified as positive, calculated as Recall = True Positives/
(True Positives + False Negatives). Precision measures the 
proportion of predicted positive instances that are cor-
rect, calculated as Precision = True Positives/(True Posi-
tives + False Positives) [25]. In this study, these metrics 
were specifically analyzed for the positive class.

To assess the risk of overfitting, given the large feature 
set, the behavior of the predictive models during train-
ing and validation was analyzed. During the model train-
ing phase, the dataset was divided so that 80% of the data 
was allocated for training and 20% for validation. Loss 
interactions for both training and validation sets were 
monitored, considering the three outcomes for all three 
waves. In a machine learning context, “loss” is a numeri-
cal measure of how far the model’s predictions deviate 
from the true values. Graphs were generated to analyze 
these interactions.

Leveraging SHAP explainability strategies, we obtained 
the feature importance and the impact of variables on 
predictions over the waves. We trained gradient boosting 
algorithms in a 10-fold cross-validation procedure, saving 
SHAP-values for each sample in the test set of each fold 
(so as to have SHAP-values for all individual instances). 
The 10-fold cross-validation experimental procedure was 
obtained separately for each wave. A diagram depicting 
this procedure is detailed in Figure S1.

To compute these values, SHAP considers all possible 
combinations of features and evaluates the change in 
the model’s prediction when each feature is added. This 
process is akin to distributing the “payout” (model pre-
diction) among the “players” (features) based on their 
marginal contributions across all possible coalitions 
(feature combinations). By averaging these contribu-
tions, SHAP ensures that the feature attributions are 
fairly distributed, capturing both interaction effects and 
the importance of individual features. We can assess 
how each value of each variable influenced the outcome 
achieved by the predictive model [23].

In the SHAP graphic, the Y-axis represents the vari-
ables of our model in order of importance. The X-axis 
represents the SHAP values. Positive values indicate 
support for the reference category (contributes to the 
outcome), while negative values indicate support for 
the opposite category. Each point on the graph repre-
sents a sample. Finally, the colors represent the increase/

decrease in the value of the variable. Shades of red indi-
cate high values and shades of blue indicate lower values 
[23].

To enhance the clinical applicability of the findings, 
an experiment was conducted to establish cutoff points 
for three variables identified as important to the model 
in predicting mortality. Using a systematic greedy opti-
mization approach, all values observed for the referred 
variables were evaluated on a linear scale to identify the 
threshold that offered the best balance between sensitiv-
ity and specificity across mortality classes. Additionally, 
plots illustrating the macroF1 score results across these 
variables range were generated, which provided insights 
into the relationship between the cut-off value and pre-
diction performance.

Results
Overall, 16,957 patients were included (Fig. 1). Of those, 
6,246 (36.8%) were from the first wave, 9,385 (55.4%) 
from the second and 1,326 (7.8%) from the third one. 
The overall median age was 59 (IQR 47–71) years old and 
54.7% of the participants were men. The most common 
comorbidities were hypertension (53.2%), diabetes melli-
tus (27.0%) and obesity (18.8%). Table S3 shows the non-
missing cases for each variable.

Table  1 and Table S4 summarize clinical and demo-
graphic characteristics, as well as patient comorbidities 
in each wave.

There was a low proportion of patients who received 
specific treatment against SARS-CoV-2: tocilizumab 
(163 patients, 1.0%); convalescent plasma (86 patients, 
0.5%); immunoglobulin (16 patients, (0.1%); sarilumab (6 
patients, 0.0%); remdesivir (5 patients, 0.0%). The propor-
tion of other medications used for treatment is available 
in Table S5. Anticoagulants and systemic glucocorticoids 
were used by 15,398 (90.8%) and 14,110 patients (83.2%), 
respectively.

Table S6 shows hospitals’ characteristics. The majority 
of included hospitals (32–82.1%) housed accredited med-
ical residency programs, and 19 (48.7%) received funding 
exclusively from public sources. A minority of the hospi-
tals possessed quality accreditation (n = 12; 30.2%).

Table 2 summarizes the outcomes throughout the pan-
demic waves.

LightGBM achieved competitive effectiveness metrics 
across the three outcomes and time periods (waves 1, 2 
and 3). Key results for micro F1, macro F1, recall (posi-
tive class), and precision (positive class) are summarized 
in Table S7. The metrics demonstrate a clear temporal 
drift in the dataset across the three COVID-19 waves. 
For instance, the consistently decreasing recall for ICU 
admissions (from 0.4211 in wave 1 down to 0.1951 in 
wave 3) and IMV (from 0.2669 in wave 2 to 0.0438 in 
wave 3) points to changes in how patients were classified 
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or how the disease manifested over time, which in turn 
impacted model effectiveness. Additionally, although the 
micro F1 scores for IMV and death sometimes increased 
between waves, the substantially lower recalls in Wave 3 
(e.g., 0.1175 for death and 0.0438 for IMV) suggest a skew 
toward correctly identifying negative cases while miss-
ing many positives. These shifts in model underscore the 
presence of temporal drift in this COVID-19 dataset.

ROC curves for each outcome in each wave are avail-
able in the supplementary material (Figure S2). In sen-
sitivity analysis, SHAP values obtained from models 
trained on imputed data were highly similar to those 
obtained from our original approach without imputation 
(Figures S3-S8 -).

The risk of overfitting was monitored and represented 
in Figures S9, S10, S11. The figure demonstrates that loss 
decreases consistently for both sets at each iteration, with 
no signs of divergence in any of the waves analyzed or 
outcomes evaluated. This behavior is in line with what is 
expected for models with good generalization capacity 
on unseen data, which indicates that the predictive mod-
els used do not show signs of overfitting, even consider-
ing a large number of variables.

Impact of variables on the outcome death
Across all waves, SatO2/FiO2 consistently demonstrated 
the highest predictive capacity, with higher values being 
strongly associated with lower mortality rates. Among 

the most significant predictors, only two represented 
clinical characteristics: age and heart rate. Age was the 
second most important variable in waves 1 and 2 and the 
fourth in wave 3 (Fig. 2). Heart rate emerged as a relevant 
predictor in wave 2, with higher values correlating with 
an increased risk of death.

Regarding inflammatory markers, low platelet counts 
were predictive of mortality in waves 1 and 2. However, 
a shift in the pattern was observed in wave 3, where 
extreme platelet values (both high and low) were asso-
ciated with increased mortality. Lymphopenia consis-
tently ranked among the top predictors of death across 
all waves. Its importance grew in wave 3, where it became 
the second most relevant variable.

Arterial pH, while the fifth most important variable in 
wave 1, showed a decline in predictive capacity over sub-
sequent waves.

Hospital accreditation appeared as a significant predic-
tor in wave 1, suggesting that accredited hospitals experi-
enced lower mortality rates. However, no hospital-related 
variables were identified among the top predictors in 
waves 2 and 3.

SatO2/FiO2 was the first death predictor across all 
waves, with lower values being predictive of lethality. 
Higher ages were the second-best predictor for waves 1 
and 2 but dropped to fourth place in the ranking during 
wave 3. Hospital accreditation was a relevant predictor 

Fig. 1  Flowchart of the patients included in this study
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only during the first wave of the pandemic, losing its 
position in the ranking as the waves progressed.

ALT: alanine aminotransferase; AST: aspartate amino-
transferase; CRP: C-reactive protein; FiO2: fraction of 
inspired oxygen; HCO3: bicarbonate; pCO2: partial pres-
sure of carbon dioxide; pO2: partial pressure of oxygen; 
pH: potential of hydrogen; SatO2: oxygen saturation; 
SHAP: Shapley Additive ExPlanation.

Impact of variables on the outcome ICU
SatO2/FiO2 was consistently inversely associated with 
ICU transfer and stood out as one of the most influen-
tial variables across all three waves. It ranked as the most 
important predictor in waves 1 and 3, while occupying 
the second position in wave 2 (Fig. 3).

Age demonstrated a distinct pattern when predict-
ing ICU transfer compared to its role in mortality. Its 
impact increased progressively over the waves, revealing 
a complex relationship. In wave 1 and 2, older patients 

Table 1  Demographic, clinical and hometown characteristics of a cohort of Brazilian patients admitted to the hospital with COVID-19 
(n = 16,957)
Variables§ All waves

Frequency (%) or median 
(IQR)

Wave 1**
Frequency (%) or median 
(IQR)

Wave 2**
Frequency (%) or median 
(IQR)

Wave 3**
Frequency 
(%) or me-
dian (IQR)

Age (years) 59 (47–71) 60 (47–71) 58 (47–69) 69 (57–80)
Men 9,271 (54.7%) 3,471 (55.6%) 5,123 (54.6%) 677 (51.1%)
Comorbidities
Hypertension 9,026 (53.2%) 3,383 (54.2%) 4,889 (52.1%) 754 (56.9%)
Coronary artery disease 792 (4.7%) 329 (5.3%) 354 (3.8%) 109 (8.2%)
Heart failure 896 (5.3%) 372 (6.0%) 367 (3.9%) 157 (11.8%)
COPD 917 (5.4%) 376 (6.0%) 361 (3.8%) 180 (13.6%)
Diabetes mellitus 4,586 (27%) 1,805 (28.9%) 2,370 (25.3%) 411 (31.0%)
Obesity 3,191 (18.8%) 1,176 (18.8%) 1,872 (19.9%) 143 (10.8%)
Cirrhosis 63 (0.4%) 32 (0.5%) 19 (0.2%) 12 (0.9%)
Chronic kidney disease 748 (4.4%) 311 (5.0%) 319 (3.4%) 118 (8.9%)
Cancer 629 (3.7%) 280 (4.5%) 227 (2.4%) 122 (9.2%)
Clinical characteristics at hospital presentation
Vaccine 1,539 (16.1%) 0 919 (9.8%) 620 (46.8%)
GCS < 15 1,340 (8.6%) 734 (11.8%) 430 (4.6%) 176 (13.3%)
Heart rate 86 (76–97) 88 (78–100) 85 (76–95) 82 (72–92)
Respiratory rate 20 (18–24) 20 (18–24) 21 (19–25) 20 (18–22)
Temperature (ºC) 36.5 (36.0–37.0) 36.5 (36.0-37.2) 36.4 (36.0-36.8) 36.3 

(36.0-36.7)
IMV at hospital presentation 1,056 (6.2%) 413 (6.6%) 587 (6.3%) 56 (4.2%)
SatO2/FiO2 400.0 (296.9-442.9) 428.6 328.6-452.4) 346.4 (272.2-433.3) 428.6 

(339.3-457.1)
Systolic Blood Pressure (mmHg)
≥90 mmHg without amine 14,317 (96.1%) 5,573 (93.6%) 7,647 (97.9%) 1,097 (97.4%)
<90mmHg without amine 182 (1.2%) 78 (1.3%) 79 (1.0%) 25 (2.2%)
Any value, but with amine 394 (2.6%) 304 (5.1%) 86 (1.1%) 4 (0.3%)
Diastolic blood pressure (mmHg)
>60mmHg without amine 12,668 (85.5%) 4,869 (82.4%) 6,851 (88.1%) 948 (87.7%)
≤60mmHg without amine 1,748 (11.8%) 736 (12.4%) 842 (10.8%) 170 (15.1%)
Any value, but with amine 394 (2.7%) 304 (5.1%) 86 (1.1%) 4 (0.3%)
Hometown characteristics
GDP (BRL) 24,993.0 

(24,923.0–30,302.7)
28,525.8 
(24,922.9–38,670.4)

24,922.9 
(24,922.9–24,922.9)

24,922.9 
(24,922.9–
24,922.9

HDI 0.8 (0.7–0.8) 0.8 (0.7–0.8) 0.8 (0.7–0.8) 0.8 (0.8–0.8)
COPD: chronic obstructive pulmonary disease; GCS: glasgow coma scale; GDP: gross domestic product; (BRL): Brazilian reais; HDI: human development index; IMV: 
invasive mechanical ventilation

* Final cohort sample

** Wave 1: 10/03/2020-14/11/2020; wave 2: 15/11/2020-25/12/2021; wave 3: 26/12/2021-03/08/2022
§Each variable missing cases are available in Table S3
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exhibited a higher likelihood of ICU transfer, while in 
wave 3, advanced age was no longer associated with 
greater risk of ICU admission. Lymphopenia consistently 
showed an inverse relationship with ICU transfer across 
all waves, rising to become the second most important 
variable in wave 3. Conversely, neutrophilia, which was 
directly associated with ICU transfer in wave 1, lost its 
predictive relevance in subsequent waves.

AST/ALT ratio consistently ranked among the top 
9 predictors throughout the three waves, indicating a 
direct association with ICU transfer. In contrast, plate-
let count and respiratory rate were significant predictors 
only in waves 1 and 2, with their importance diminishing 
in wave 3.

Interestingly, source of income emerged as the third 
most impactful variable in wave 2, with private hospi-
tals being a significant positive predictor of ICU transfer. 
However, no other hospital characteristics ranked among 
the top predictors of ICU transfer across the waves.

SatO2/FiO2 was the best predictor for ICU transfer dur-
ing the first and third waves, though its predictive power 
was less prominent in the second wave. In this prediction 
task, inflammatory and respiratory parameters, along 
with age, remained consistent predictors throughout the 
pandemic.

ALT: alanine aminotransferase; AST: aspartate ami-
notransferase; CRP: C-reactive protein; FiO2: fraction 
of inspired oxygen; HCO3 - bicarbonate; pCO2: partial 
pressure of carbon dioxide; pO2: partial pressure of oxy-
gen; pH: potential of hydrogen; SatO2: oxygen saturation; 
SHAP: Shapley Additive ExPlanation.

Impact of variables on the outcome IVM
Similar to findings for other outcomes, higher SatO2/
FiO2 values at admission were consistently associated 
with a lower likelihood of requiring invasive mechanical 
ventilation (IMV) across all waves. The temporal trend 
for respiratory rate revealed an opposite pattern, as its 
predictive importance decreased consistently from wave 
1 to wave 3.

Age at hospital admission was a key predictor of IMV 
during waves 1 and 2, with older patients showing a 

higher likelihood of requiring invasive ventilation. How-
ever, in wave 3, this trend shifted and advanced age was 
associated with reduced IMV support.

Lymphopenia remained a significant predictor of IMV 
support across all waves and emerged as the second most 
important variable in wave 3. Similarly, neutrophilia was 
strongly associated with IMV support in wave 1 but lost 
its predictive relevance in subsequent waves.

Among other laboratory markers, a low platelet count 
was a notable predictor of IMV support, particularly dur-
ing wave 2, when it was the most important feature in the 
model. It also ranked third and fourth in importance in 
waves 1 and 3, respectively.

Being vaccinated appeared as the ninth most impact-
ful predictor in wave 3. During this period, patients with 
missing vaccination data (represented in gray in Fig.  4) 
and those who had been vaccinated exhibited a lower 
likelihood of IMV support.

Higher SatO2/FiO2 values were associated with a lower 
likelihood of requiring IMV support. Lymphopenia was 
a significant predictor of the outcome across all waves 
and was the second most important variable in wave 3. 
Advanced age was a top predictor for IMV support in 
waves 1 and 2; however, this pattern reversed in the third 
wave.

ALT: alanine aminotransferase; AST: aspartate amino-
transferase; CRP: C-reactive protein; FiO2: fraction of 
inspired oxygen; GDP: gross domestic product; HCO3 
- bicarbonate; pCO2: partial pressure of carbon dioxide; 
pO2: partial pressure of oxygen; pH: potential of hydro-
gen; SatO2: oxygen saturation; SHAP: Shapley Additive 
ExPlanation.

Clinical applicability: features thresholds for death 
prediction
SHAP graphs revealed SatO2/FiO2, platelets and lym-
phocytes count as impactful features for death prediction 
during the pandemic waves. An additional analysis of 
the macro-F1 score for mortality prediction across these 
variables range pointed to cut-off values with best predic-
tion performance. The results revealed that SatO2/FiO2 
below 227.78, thrombocytopenia under 143,000 × 109/L 
and less than 643 × 109/L lymphocytes are the thresholds 
with best death prediction capacity for each variable. 
Plots illustrating the results are available in supplemen-
tary material (Figures S12, S13, S14).

Discussion
Main findings
This study leveraged advanced machine learning meth-
ods, specifically LightGBM combined with SHAP analy-
sis, to identify key predictors of adverse outcomes in 
hospitalized COVID-19 patients across distinct waves of 
the pandemic. By examining mortality, ICU transfer, and 

Table 2  Frequency of the outcomes throughout the COVID-19 
pandemic waves in a Brazilian cohort of hospitalized patients 
(n = 16,957)
Outcome Wave 1*

Frequency
n (%)

Wave 2*
Frequency
n (%)

Wave 3*
Frequency
n (%)

Death 1,034 (16.6%) 1,906 (20.3%) 187 (14.2%)
ICU 2,332 (37.4%) 3,376 (36.0%) 328 (24.7%)
IMV 1,701 (27.2%) 2,576 (27.4%) 185 (14%)
IMV: invasive mechanical ventilation; ICU: intensive care unit

*Wave 1: 10/03/2020-14/11/2020; wave 2: 15/11/2020-25/12/2021; wave 3: 
26/12/2021-03/08/2022
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Fig. 2  Impact of variables on the prediction of death during the waves
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Fig. 3  Impact of variables on the prediction of ICU transfer during the waves
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Fig. 4  Impact of variables on the prediction of IMV support during the waves
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IMV support as outcomes, this study provided insights 
into the temporal evolution of key predictors and high-
lighted the utility of explainable machine learning meth-
ods in identifying critical features in patient outcomes. 
The study also found that SatO2/FiO2 and age had a 
great impact on all the outcomes analyzed. Inflammatory 
response markers, especially platelets and lymphocytes, 
were more important than most clinical characteristics to 
predict the outcomes. There were no consistent patterns 
regarding hospital characteristics, as they only appeared 
in a few SHAP waves.

Our approach demonstrated the capability of machine 
learning models to uncover complex and dynamic pat-
terns in healthcare data emphasizing the need to address 
temporal drift in COVID-19 datasets and highlight-
ing their potential to enhance predictive modeling in 
infectious diseases. LightGBM combined with SHAP 
analysis provided critical advantages over traditional sta-
tistical approaches, such as logistic regression analysis 
[11]. SHAP values not only rank variables by importance 
and indicate the direction of their association with the 
outcome but also reflect their relative contributions at a 
given point in time. This approach allowed us to capture 
temporal shifts in feature relevance, offering valuable 
insights for real-time clinical decision-making.

Laboratory markers
Our findings suggest that biochemical and physiologi-
cal assessments play a key role in predicting patient 
prognosis. Among the 61 variables assessed, SatO2/FiO2 
consistently emerged as the most influential predictor 
for all outcomes (mortality, ICU transfer, and IMV sup-
port) across the different pandemic waves. Higher SatO2/
FiO2 values were strongly associated with reduced risks 
of adverse outcomes (mortality, ICU transfer, and IMV 
need), underscoring its utility as a critical marker of dis-
ease severity.

Its impact extends beyond its statistical significance, 
carrying important clinical implications. A decreased 
SatO₂/FiO₂ ratio is a well-established indicator of 
impaired gas exchange and hypoxemia, often associated 
with disease severity and the need for advanced respi-
ratory support, including high-flow oxygen therapy or 
mechanical ventilation [26, 27]. This finding aligns with 
existing literature, which consistently highlights oxy-
genation markers, such as pO2/FiO2 and SatO2/FiO2, as 
critical indicators of disease severity and prognostic tools 
across pandemic waves [28–32]. Clinically, thresholds 
such as a SatO₂/FiO₂ ratio below 235 has been correlated 
with pO2/FiO2 below 200, and thus have been linked to 
increased mortality and ICU admission rates [33, 34]. 
However, our results indicate that the optimal SatO₂/
FiO₂ for predicting mortality varied slightly across the 
waves, with the best threshold in all waves being 227.78. 

These findings underscore the need for continuous reas-
sessment of these thresholds in clinical practice, as the 
predictive value of physiological markers may shift over 
time.

The advantage of SatO2/FiO2 over pO2/FiO2 lies in its 
non-invasive nature, as it relies on pulse oximetry rather 
than the more invasive arterial blood gas sampling [33, 
35]. This makes SatO2/FiO2 more accessible for con-
tinuous monitoring in clinical settings, particularly in 
resource-limited environments or for patient populations 
who may not tolerate invasive procedures. However, the 
SatO2/FiO2 ratio has a limitation: if oxygen supplemen-
tation reaches a saturation of 100% and the provider 
administers even higher flow than necessary, the SatO2/
FiO2 ratio may overestimate the severity of the condition, 
as saturation has a ceiling effect at 100%. In contrast, 
pO2/FiO2 remains unaffected by this ceiling, providing a 
more accurate assessment of oxygenation regardless of 
supplemental oxygen flow [33].

This limitation could be particularly relevant in 
patients receiving advanced pre-ICU respiratory sup-
port, such as high-flow nasal oxygen (HFNO). HFNO can 
improve oxygenation and maintain saturations near 100% 
through precise FiO2 delivery and a positive end-expira-
tory pressure (PEEP)-like effect, potentially masking the 
severity of hypoxemia when using SatO2/FiO2 alone [36, 
37]. Nevertheless, considering the primary objective of 
risk stratification at the time of hospital admission, the 
limitation of the SatO2/FiO2 variable would have mini-
mal impact on the sensitivity of the assessment. Patients 
using respiratory devices with high delivered FiO2 values 
(e.g., high-flow nasal oxygen and face mask) are, in most 
cases, those with greater severity.

Inflammatory and hematological markers provided 
significant prognostic value, being more important than 
most clinical characteristics. These results align with 
previous studies that highlight the association between 
immune dysregulation and disease severity [38, 39]. 
Studies from earlier stages of the pandemic, which also 
used machine learning models to predict COVID-19 
severity based on clinical blood test data, observed the 
importance of laboratory parameters such as lympho-
cyte counts and CRP levels [40, 41]. Additionally, a meta-
analysis of 38 studies on biomarkers predicting adverse 
outcomes in COVID-19 hospitalizations confirmed these 
findings [42]. Our study extends these findings by includ-
ing data from all three pandemic waves. Although the 
relative importance of biomarkers varied over time, ele-
vated CRP, low platelet count, and low lymphocyte values 
were consistently associated with adverse outcomes dur-
ing the pandemic. These variations of importance may be 
related to the evolution of clinical management and the 
characteristics of the predominant circulating variants at 
each period [42].
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Lymphopenia consistently indicated higher risks for 
all outcomes, becoming particularly important in wave 
3. This finding aligns with previous evidence suggesting 
that immune suppression plays a significant role in dis-
ease progression [43, 44]. A lower lymphocyte count is 
associated with higher risks of secondary infections, pro-
longed hospitalization, and increased mortality in other 
conditions such as sepsis [45, 46], and supports earlier 
findings that linked lymphopenia with poor COVID-19 
outcomes [47]. Interestingly, a higher lymphocyte count 
was found to be associated with a reduced risk of ICU 
transfer across all waves, suggesting a potentially pro-
tective role of lymphocyte-mediated immune response 
in mitigating disease severity [47]. Conversely, neutro-
phil count was directly associated with the need for ICU 
transfer, particularly during wave 1, which is consistent 
with previous knowledge that elevated neutrophil levels 
contribute to the hyperinflammatory response seen in 
severe COVID-19 cases [48].

Low platelet counts were strongly associated with 
IMV need and mortality, particularly in wave 2, aligning 
with evidence of systemic inflammation driving adverse 
COVID-19 outcomes. Regarding the outcome of death, 
in wave 3, increased platelet count at admission also 
emerged as a predictor of mortality. This could be related 
to chronic inflammatory conditions or iron deficiency, 
both of which may elevate the risk of poor outcomes [49].

The AST/ALT ratio, a proxy for liver dysfunction, 
consistently ranked among the top predictors for ICU 
transfer, emphasizing the multi-organ impact of severe 
infections. This study used the AST/ALT ratio (De Ritis 
ratio) rather than each transaminase alone. According to 
a systematic review of 8 studies (4,606 patients), higher 
De Ritis ratios were significantly associated with severe 
disease and mortality in COVID-19 patients, since it 
reflects the presence of more significant structural and 
functional liver abnormalities [50]. The study suggests 
the use of the AST/ALT ratio in association with other 
prognostic markers to improve its predictive capacity.

Therefore, these biomarkers could aid in early risk 
stratification and inform clinical decision-making, par-
ticularly in identifying patients who may benefit from 
closer monitoring or targeted interventions. In the con-
text of limited hospital resources and considering the 
high healthcare costs, early stratification has the poten-
tial to assist in the allocation of resources to patients 
with a higher risk of severe outcomes. This may include 
measures such as early hospitalization, respiratory moni-
toring, and timely referral to the ICU. Another way of 
enhancing their utility could be incorporating these met-
rics into electronic health records to create trigger alerts 
for high-risk patients, streamlining triage and ensuring 
timely interventions. However, clinical decision-making 
is inherently multifactorial. Rather than relying on rigid 

thresholds, real-world application requires a comprehen-
sive assessment that takes into account patient history, 
comorbidities, and other dynamic factors.

Vaccination and pandemic dynamics
Vaccination campaign against COVID-19 in Brazil 
started on January 17th, 2021, in the beginning of the 
second wave. Initially, priority was given to some endan-
gered groups, such as healthcare workers, elderly indi-
viduals (especially those over 80 years old), people with 
comorbidities, and indigenous communities. As more 
vaccines became available, the campaign expanded to 
include essential workers and the general population, 
gradually lowering the minimum age for vaccination [51]. 
By the end of 2021, 90% of the target population (over 
177 million people) received at least one dose of the vac-
cine [52]. Booster doses were introduced in late 2021, 
mostly addressed to vulnerable groups, and the vaccina-
tion effort continued into 2022.

Brazilian vaccination campaign used three types of 
vaccines: inactivated virus vaccine (CoronaVac®), viral 
vector vaccine (Covishield; ChAdOx1/AstraZeneca® and 
Ad26.COV2.S/Jansen®) and messenger RNA vaccine 
(BNT162b2/Pfizer®) [53]. The impact of the vaccination 
campaigns could be indirectly observed when analyzing 
the changes in the profile of hospitalized patients, poten-
tially showing a reduction in the severity of cases, which 
in turn impacted the outcomes. The mortality peak in 
wave 2 (20.3%)—the longest and most populous wave—
coincided with high ICU transfer (36.0%) and IMV need 
(27.4%). These rates declined in wave 3, likely reflecting 
the positive impact of vaccination campaigns, along with 
improved resource allocation, and evolving treatment 
strategies [54, 55].

Studies from the same timeframe suggest that emerging 
variants could have affected clinical outcomes due to dif-
ferences in transmissibility, immune escape, and disease 
severity [56, 57]. During the pandemic, genetic sequenc-
ing enabled the identification of different SARS-CoV-2 
variants, each characterized by distinct virulence and 
pathogenicity profiles. Initially, strain-specific testing was 
almost absent. During the second wave, the predominant 
variant was Delta, whereas the Omicron variant, associ-
ated with high pathogenicity but low virulence, drove a 
surge in COVID-19 cases while causing fewer deaths in 
wave 3 [5].

Vaccination was an important feature itself in wave 
3 regarding the outcome of IMV support. This variable 
had elevated rates of missing data (available in Table S3) 
and, as they were incorporated in the analysis, the graph 
highlighted that the absence of data and presence of vac-
cination were both factors related to a reduced risk of 
IMV support. As this data came from medical records, it 
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is more likely that severe patients had this data checked 
more frequently than patients with mild symptoms.

Clinical characteristics
In a previous analysis of the first two pandemic waves 
from our group, age had a great relationship with mortal-
ity, but over time this variable became less discriminatory 
[7]. The present study continued this analysis, including 
the third wave and revealed that this tendency continued 
in the third wave regarding the outcome of death. We 
hypothesize that this may be attributed to the impact of 
vaccination campaigns or improved management strate-
gies targeting older populations. A recent analysis from 
our group that compared vaccinated and unvaccinated 
patients, found out an inverse association between vac-
cination and in-hospital mortality (adjusted odds ratio 
[aOR] = 0.42, 95% confidence interval [CI]: 0.31–0.56; 
p < 0.001) and IMV (aOR = 0.40, 95% CI: 0.30–0.53; 
p < 0.001) [58].

In the present analysis, age showed an increasing and 
complex impact on ICU transfer over the course of the 
pandemic waves. Aged population sometimes presented 
a reduced risk of ICU care, especially in wave 3. A turn-
ing point was also noticed in the outcome IMV, as, in 
wave 3, older patients also had a reduced risk of requiring 
mechanical ventilation.

Advanced age was a major risk factor for unfavorable 
outcomes. Nevertheless, older adults were the first to be 
vaccinated [51]. This immunization likely contributed to 
reducing the impact of age as a risk predictor, although 
this group of patients continued to have an elevated risk 
of death. Over time, older patients exhibited a reduced 
risk of ICU admission and IMV support. Several hypoth-
eses could be proposed to explain these findings: it may 
be related to ICU bed availability throughout the pan-
demic, potentially influencing the healthcare team to pri-
oritize younger patients for critical care; alternatively, it 
may reflect delayed ICU and IMV indications based on 
patient age.

Respiratory rate’s predictive capacity for IMV support 
decreased across the pandemic waves. We hypothesize 
that this reduction in the respiratory rate’s predictive 
ability for IMV may be attributed to the phenomenon of 
‘silent hypoxemia’ observed in COVID-19 patients, who 
often exhibit significant hypoxemia without correspond-
ing respiratory distress [59]. Another possible expla-
nation is that patients were admitted with less severe 
respiratory conditions, which could have reduced the 
predictive value of this feature.

Socioeconomic and health system factors
The influence of socioeconomic factors on COVID-19 
outcomes has been a subject of growing interest, particu-
larly in understanding health disparities across different 

regions and income groups [6, 60]. A study that included 
119 countries and regions focused on analyzing the 
impact of income level on mortality during pandemic 
and observed that mortality rates in developing countries 
worsened as the pandemic spread, while the death rates 
declined in developed ones. Although it emphasizes rel-
evant changes in economic influential factors between 
waves, it does not mention other factors, such as those 
related to patients or hospitals [6].

While socioeconomic variables, in general, did not 
show a strong discriminatory capacity for predicting 
adverse outcomes in the present study, certain trends 
became evident in specific waves of the pandemic. Dur-
ing the first wave, regional GDP emerged as a risk factor 
for invasive mechanical ventilation (IMV). Specifically, 
patients admitted to hospitals located in higher-GDP 
regions were at a higher risk for orotracheal intubation. 
This finding could be attributed to the greater availabil-
ity of ventilatory devices in hospitals in higher-GDP areas 
[61, 62]. Furthermore, this may reflect the predominance 
of early intubation protocols recommended at the time, 
particularly during the initial stages of the pandemic, 
when management guidelines often advocated for early 
orotracheal intubation for severe cases. The use of non-
invasive ventilation (NIV) and high-flow nasal cannula 
(HFNC) increased in the later periods of the pandemic. 
It is probably due to the increased confidence of clini-
cians in treating COVID-19 patients and the government 
input acquisition that made this kind of equipment more 
available [63, 64]. Another relevant change in treatment 
protocols involved the use of corticosteroids, which 
increased remarkably and was incorporated as a key part 
of the treatment, in most protocols during the pandemic 
[64].

In the second wave, source of income was identified 
as an important risk factor for ICU transfer. Patients 
admitted to private hospitals experienced higher rates 
of ICU transfer compared to those in public institutions. 
This disparity may be associated with the greater avail-
ability of ICU beds in private hospitals, which were bet-
ter equipped to handle larger numbers of critically ill 
patients. This suggests that access to healthcare services, 
particularly intensive care, may have been influenced by 
socioeconomic factors such as income and the type of 
hospital (public vs. private). The findings reflect ongo-
ing disparities in healthcare access, with previous stud-
ies documenting how differences in socioeconomic status 
can impact the level of care patients receive [65, 66].

The results of our study align with broader research, 
including a meta-analysis of 4.3  million patients from 
68 studies and two large multicenter cohort studies that 
also applied machine learning models, one of which 
included over 4.9  million patients. These studies docu-
mented that socioeconomic factors, such as income and 
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regional GDP, contribute to inequities in healthcare out-
comes [67–69]. In regions with higher GDP, the avail-
ability of medical resources such as ventilators and ICU 
beds was more readily accessible, potentially influencing 
patient management and survival outcomes. Conversely, 
in lower-GDP regions, limited resources may have led to 
delayed or less aggressive interventions, which could con-
tribute to worse outcomes [61]. Additionally, comorbidi-
ties, such as hypertension or obesity, are more prevalent 
among lower resource populations [70, 71], thus contrib-
uting to worsened disease outcomes [69].

Disparities in public health measures could, also, indi-
rectly impact the results observed in the study. Restrictive 
measures such as lockdowns and social distancing were 
widely adopted in the country, although the implemen-
tation varied municipally. Over time, with the progres-
sive relaxation of these measures, shifts in hospitalization 
patterns and disease severity may have occurred [72].

The second wave represented a period of higher mor-
tality, in line with the increased hospital demand for 
admissions and the collapse of some healthcare systems 
in the country due to shortages of medical supplies, espe-
cially in less developed regions. On the other hand, dur-
ing the third wave, despite the high numbers of positive 
cases nationwide, a smaller proportion of these patients 
required hospitalization. This coincided with the period 
when most cases were caused by the Omicron variant, 
which is known to have lower lethality [5].

This analysis highlights the need for policies aimed at 
addressing healthcare disparities and ensuring equitable 
access to critical care services, particularly in resource-
limited settings. Future studies should further investigate 
the interplay between socioeconomic factors, healthcare 
infrastructure, and patient outcomes to better under-
stand and mitigate health inequities.

This study was conducted in an upper-middle income 
country, where half of the participating hospitals exclu-
sively treated patients within the public healthcare 
system. Another way to assess the indirect impact of 
socioeconomic characteristics relates to the use of high-
cost specific therapies, such as remdesivir. This medica-
tion was approved by the Brazilian regulatory agency for 
hospital use in April 2021. It inhibits coronavirus repli-
cation in the body, reducing the infection process. How-
ever, data on its impact on mortality was conflicting [73, 
74]. These uncertainties, combined with the high cost 
of the medication, led the Brazilian National Commis-
sion for the Incorporation of Technologies in the Unified 
Health System (CONITEC) to issue a conditional recom-
mendation against the use of the medication in hospital-
ized COVID-19 patients [75]. Consequently, remdesivir 
was excluded from the public healthcare system. Fur-
thermore, it was not established as standard treatment in 
the private healthcare sector. Health insurance providers 

typically rely on cost-effectiveness analyses and clinical 
guidelines, which may have contributed to its omission 
as a routine option for hospitalized patients. This dual 
limitation of access—both in public and private health-
care—significantly restricted its use in Brazil, despite its 
availability in other countries. Consequently, the medica-
tion was not incorporated into most institutional proto-
cols, resulting in a very limited utilization rate: only 5 out 
of the 16,957 patients received remdesivir.

Strengths and limitations
This study presents several strengths. First, the dataset 
utilized is robust and comprehensive, encompassing data 
from three distinct COVID-19 waves in Brazil, one of the 
countries most severely impacted by the pandemic. This 
temporal coverage allows for a deeper understanding 
of the evolving nature of the disease and the associated 
clinical outcomes over time. Second, the use of advanced 
machine learning methods, specifically LightGBM and 
SHAP, represents a novel approach in this field. Most pre-
vious studies relied on logistic regression to analyze and 
understand potential risk factors in infectious diseases 
[76, 77], despite its notable limitations. Logistic regres-
sion and LightGBM are both widely used statistical and 
machine learning algorithms, but they differ significantly 
in their approach and application. Logistic regression is a 
linear model primarily used for binary and multinomial 
classification tasks. It predicts the probability of a class 
using a linear combination of input features and applies 
a sigmoid function to produce outputs between 0 and 
1. Logistic regression is simple, interpretable, and works 
well when features have a linear relationship with the tar-
get variable. However, it struggles with complex, non-lin-
ear patterns and interactions between variables, making 
it less effective for high-dimensional, which is the case of 
the data we used in our paper. Also, it requires complete 
datasets or imputation methods for missing data, and 
may produce biased results in the presence of correlated 
data [10, 11].

In contrast, LightGBM is an advanced tree-based algo-
rithm designed for speed and efficiency. Unlike logistic 
regression, LightGBM can capture intricate patterns by 
constructing decision trees, being well-suited for han-
dling categorical features, missing values, and high-
dimensional data. Due to these properties, LightGBM 
usually produces higher accuracy (better predictive 
capability) than logistic regression in data with the above 
characteristics, which is exactly the case for the data-
sets used in this article. Studies in other areas of medi-
cine have also reinforced the higher accuracy of machine 
learning predictive models compared to logistic regres-
sion [78–80].

LightGBM is, however, more complex and thus harder 
to interpret than logistic regression. To deal with the 



Page 15 of 18Lana et al. BMC Infectious Diseases          (2025) 25:537 

interpretability issues, we couple our LightGBM results 
with the Explainable Machine Learning SHAP technique 
to perform our interpretability analyses of the tempo-
ral drifts across the COVID-19 waves. Additionally, the 
model’s robustness to missing data, as demonstrated by 
its stability across different imputation strategies, under-
scores its reliability in real-world settings, where missing-
ness is often informative and non-random.

This study also has limitations. Since it was a retrospec-
tive analysis of patient records review, it suffered from 
recording bias and missing data. The hospitals participat-
ing were not randomly chosen and were mostly located 
in the wealthiest areas of the country, thus, it is not pos-
sible to state that it is representative of the Brazilian real-
ity. Virus sequencing was not carried out in our cohort, 
therefore, it is impossible to define the specific impact of 
each variant in our findings.

Unmeasurable confounding factors may also have 
impacted the results. Healthcare team training was not 
standardized across hospitals, no uniform treatment pro-
tocol was implemented, and regional resource limitations 
may have influenced therapeutic decisions and, conse-
quently, patient outcomes. Additionally, differences in 
access to care and regional policies could have introduced 
significant variability in the management of COVID-
19 patients, which might not have been fully accounted 
for in our analysis. For example, patients in regions with 
higher resource availability may have had access to more 
timely interventions or advanced care, potentially affect-
ing outcomes. Similarly, regional policies related to vac-
cination efforts, or healthcare prioritization might have 
influenced the severity of illness and patient outcomes.

Although explainable AI techniques have demon-
strated to be very useful for drift analyses, there are some 
limitations. There is risk of bias on the way the data used 
to train the model was collected and obtained. Incom-
plete or inconsistent data due to the methods used to 
obtain the original data in the hospitals participating in 
the cohort may also affect some of the analyses. While 
explainable AI techniques used in the present analysis 
are state-of-the-art, most of the inferences are based on 
correlations, and we cannot make any claims of causal 
relationships.

Although the models demonstrated good performance 
through internal validation techniques, further studies 
are necessary to externally validate them in different pop-
ulations and settings, particularly outside Brazil. Finally, 
the use of IA in health applications should always be 
moderated by humans; the final decision should be made 
by health specialists to ensure ethical and contextually 
appropriate care.

Conclusion
This study demonstrated the ability of machine learn-
ing models to identify complex and dynamic patterns 
in healthcare data. Data drifts were observed in all sce-
narios, affecting potential predictive capabilities of 
explainable machine learning methods. Effectively incor-
porating knowledge about these drifts into predictive 
models remains a significant technical challenge, requir-
ing continuous updates and performance monitoring in 
real-world applications.

Biochemical and physiological markers, particularly 
SatO2/FiO2, played a significant role in predicting adverse 
outcomes in COVID-19 patients. SatO2/FiO2 at admis-
sion was the sole variable consistently at the top two 
most important variables for all outcomes across all three 
waves; higher values were strongly related to a reduced 
risk of adverse outcomes. Inflammatory response mark-
ers at admission were more important than patients’ 
clinical characteristics in predicting adverse outcomes. 
Among them, platelets and lymphocytes at admission 
were the inflammatory response markers with better pre-
dictive capacity. The temporal shifts in predictors such 
as age, lymphopenia, and platelet count suggest evolv-
ing clinical patterns and underscore the complexity of 
COVID-19 progression. These findings could help in 
early identification of borderline patients at risk of unfa-
vorable outcomes.
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