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Abstract

Delirium is a common and underrecognized complication among critically ill patients,
associated with prolonged ICU stays, cognitive dysfunction, and increased mortality. Its
multifactorial causes and fluctuating course hinder early prediction, limiting timely man-
agement. Predictive models based on data available at ICU admission may help to identify
high-risk patients and guide early interventions. This study evaluated machine learning
models used to predict delirium in critically ill patients with SARS-CoV-2 infections using
a prospective cohort of 426 patients. The dataset included demographic characteristics,
clinical data (e.g., comorbidities, medication, reason for ICU admission, interventions),
and routine lab test results. Five models—Logistic Regression, Support Vector Machine,
Decision Tree, Random Forest, and Naïve Bayes—were developed using 112 features.
Feature selection relied on Information Gain, and model performance was assessed via
10-fold cross-validation. The Naïve Bayes model showed moderate predictive performance
and high interpretability, achieving an AUC of 0.717, accuracy of 65.3%, sensitivity of
62.4%, specificity of 68.1%, and precision of 66.2%. Key predictors included invasive
mechanical ventilation, deep sedation with benzodiazepines, SARS-CoV-2 as the reason
for ICU admission, ECMO use, constipation, and male sex. These findings support the
use of interpretable models for early delirium risk stratification using routinely available
ICU data.
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1. Introduction
Delirium is a serious and common complication among critically ill patients, affecting

up to 80% of mechanically ventilated intensive care unit (ICU) patients and approximately
30–50% of all ICU admissions [1–3]. Characterized by acute disturbances in attention,
cognition, and consciousness [4], ICU delirium has been consistently associated with
increased morbidity [5,6], prolonged invasive mechanical ventilation (IMV) [7–9], extended
ICU and hospital stays [5,10], and higher mortality rates [5,7]. Beyond the immediate
clinical impact, delirium contributes to long-term cognitive decline [11–13], post-ICU
syndrome [14], and increased risk of dementia [11,15], making its prevention and early
identification priorities in critical care medicine. The financial burden is also substantial,
with ICU delirium contributing to higher healthcare costs due to prolonged hospitalization
and increased post-discharge rehabilitation needs [5,6,16].

Despite its clinical significance, ICU delirium remains difficult to predict and
diagnose [17–19] due to its fluctuating nature and complex etiology [20–22], as well as
its multiple contributing factors and reliance on subjective assessment methods [23]. The
lack of a universally accepted gold standard for diagnosing or predicting delirium, com-
bined with the inherent limitations of available screening methods, further complicates
accurate risk assessment [24].

Currently, the Confusion Assessment Method for the ICU (CAM-ICU) and the In-
tensive Care Delirium Screening Checklist (ICDSC) are widely used for bedside delirium
detection [25]. These tools have shown reasonable sensitivity and specificity; however,
their effectiveness relies heavily on nursing staff training, consistent patient evaluations,
and interobserver reliability [26,27]. This dependence makes the assessment process time-
consuming [28] and increases the risk of underdiagnosis, particularly in cases of hypoactive
delirium [29]. Furthermore, most delirium screening tools, including CAM-ICU and ICDSC,
focus on detection rather than prediction, limiting their role in early risk stratification and
prevention [30]. Although detection tools aid in identifying delirium once it has developed,
they do not proactively assess a patient’s risk before onset, thereby reducing opportunities
for timely intervention.

Over the years, various predictive models have been developed in response to these
challenges, evolving from traditional statistical approaches to more sophisticated machine
learning (ML) techniques, to better manage and potentially mitigate the impact of delir-
ium in ICU settings [31,32]. Historically, the prediction and management of delirium
have relied on an understanding of the demographic and clinical risk factors. Traditional
studies, including Logistic Regression analysis, have consistently identified several key
predictors, including older age [33], male gender [8,34,35], the presence of pre-existing
comorbidities [36], especially a history of dementia [37], and higher illness severity, often
measured by scores such as Acute Physiology and Chronic Health Evaluation II (APACHE
II) and Sequential Organ Failure Assessment (SOFA) [37,38], and the use of specific phar-
macological agents, such as sedatives [8,12]. Moreover, the use of invasive medical devices
and procedures such as IMV have been directly linked to an increased risk of devel-
oping delirium, highlighting the interaction between treatment modalities and patient
outcomes [1,39,40].

Among the traditional predictive models, the PRE-DELIRIC [41] and E-PRE-DELIRIC [42]
have been widely used. The PRE-DELIRIC model [41], a well-established ICU delirium
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prediction model, uses 10 clinical and laboratory parameters from the first 24 h of ICU
admission and achieved AUCs of 0.87 in the development cohort and 0.84 in external vali-
dation. Similarly, the E-PRE-DELIRIC model [42] relies solely on admission data, achieving
AUCs of 0.76 in the development cohort and 0.75 in the validation cohort. Both models
were developed using multivariate Logistic Regression rather than advanced ML tech-
niques; they exemplify structured, admission-based approaches that remain practical and
accessible in ICU settings. Notably, a systematic review conducted by Ruppert et al. [32],
which evaluated 26 ICU delirium prediction models developed over five years, found that
most relied on traditional statistical techniques, particularly Logistic Regression, using
data collected at a single time point, typically at ICU admission. These types of models
are considered static ML approaches, as they utilize only baseline variables—without
incorporating evolving clinical information throughout the ICU stay [32,42,43]. In con-
trast, dynamic models integrate time-varying or continuously monitored data, including
physiological signals or serial laboratory results, providing the potential for the real-time
updating of delirium risk. Nonetheless, their implementation in routine clinical settings
can be challenging, as they often demand complex infrastructure, real-time data acqui-
sition systems, and advanced computational resources [30,44–46]. Although such static
models have limitations in capturing the dynamic and evolving nature of delirium risk,
they continue to provide valuable clinical insights and offer a solid foundation for future
approaches that incorporate more dynamic, data-driven elements. Ruppert et al. [32] also
identified a growing interest in ML approaches for delirium prediction, although only
a minority of models employed these techniques.

In the context of ICU delirium, ML models have the potential to integrate a wide
array of inputs, including continuous physiological signals, demographic information, and
structured electronic health record (EHR) data, to improve prediction accuracy [44,47].
More advanced artificial intelligence (AI) approaches further expand these capabilities by
incorporating multimodal data sources, such as time series data, neuroimaging features,
and the natural language processing (NLP) of clinical notes. Deep learning techniques have
also been applied to automate delirium detection or prediction using clinical text, EEG, and
imaging data, enabling more dynamic and comprehensive risk assessments [43]. Further-
more, recent studies have demonstrated the effectiveness of algorithms such as Random
Forests, Support Vector Machines (SVMs), and deep learning architectures in enhancing
delirium prediction performance across ICU and hospital settings, reinforcing the potential
of ML-based approaches in clinical practice [31,43]. However, while these models leverage
dynamic physiological data and deep learning techniques to improve accuracy [30,48,49],
they often require continuous monitoring and greater computational resources, and they
present implementation challenges in real-world ICU environments [30,46,48]. Addition-
ally, limited generalizability and a lack of interpretability remain key barriers to their
clinical adoption [44–46].

Given these limitations, there is growing interest in simpler, interpretable models that
rely on static variables collected at ICU admission to enable early risk stratification [32,42,43].
Such models offer advantages in terms of feasibility, transparency, and integration into
EHR, making them well-suited for routine clinical use [45,46,50]. Building on this approach,
the present study evaluates the predictive performance of several ML algorithms using
only demographic, clinical, and laboratory data available at ICU admission, with the aim
of identifying effective and explainable solutions for early delirium risk detection.

ML approaches have not only revealed novel predictors but also reinforced previ-
ously established predictors of delirium, potentially enhancing risk stratification beyond
traditional models. Notable physiological predictors emerging or reaffirmed by these
studies include variability in heart rate [48,49], fluctuations in blood pressure, respiratory
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rate, and oxygen saturation [45,51]. Additionally, dynamic laboratory parameters such
as changes in hemoglobin levels [45,52], electrolyte imbalances (particularly sodium and
potassium) [45], renal function indicators (e.g., changes in creatinine or high blood urea
nitrogen to creatinine ratio levels) [45,46,53], and inflammatory biomarkers (such as white
blood cell counts and C-reactive protein) [45,54] have been highlighted as valuable for delir-
ium prediction. Furthermore, pharmacological predictors, including the use and dosage of
sedatives (e.g., benzodiazepines, propofol), opioids, and antipsychotic medications, have
been consistently reinforced as influential factors in delirium development [9,55–57].

Despite recent advancements, delirium prediction models still face several challenges.
As previously discussed, the reliance on continuously monitored data and advanced
ML techniques introduces barriers related to workload [30,58], substantial computational
requirements [43,59], and limited EHR integration [60]. Another critical limitation of the
existing delirium prediction models is the lack of generalizability [61,62], as many models
were developed and validated in specific patient populations, such as older medical [63] or
surgical cohorts [64], potentially reducing their applicability to diverse ICU settings [31].
A further concern is the inherent trade-off between building complex models and ensuring
that they remain interpretable. Although more advanced ML models may improve predic-
tive performance, their “black box” nature limits their clinical adoption [65,66]. In contrast,
interpretable models allow for easier implementation and integration into ICU workflows,
ensuring real-time applicability. These constraints highlight the need for more effective,
interpretable, and clinically applicable delirium prediction tools that facilitate early risk
stratification and timely intervention.

This study explored the predictive performance of five ML models—Logistic Regres-
sion, SVM, Decision Tree, Random Forest, and Naïve Bayes—for delirium prediction at
ICU admission using demographic, clinical, and laboratory data. While some prior studies
have focused on using continuous monitoring data to improve prediction accuracy, others
have also used structured clinical and demographic variables available at ICU admission
to enable early risk stratification. This study followed the latter approach, prioritizing
the early identification of high-risk patients without requiring dynamic patient updates,
making it more practical for real-world ICU implementation. The objectives of this study
are threefold: (1) to compare the predictive accuracy of different ML models, (2) to evalu-
ate the trade-off between predictive performance and interpretability across different ML
techniques, and (3) to explore the potential applicability of ML-based delirium prediction
models for future integration into EHR-based decision-support systems. By leveraging
ICU admission-only data, this study aims to contribute to the development of an efficient,
interpretable, and clinically feasible prediction tool that can facilitate early intervention
and improve patient outcomes in critical care settings.

2. Materials and Methods
2.1. Study Design

This prospective observational study was conducted in a tertiary care ICU in Lisbon,
Portugal; it aimed to develop ML models for delirium prediction using demographic,
clinical, and laboratory data collected at ICU admission from critically ill patients with
SARS-CoV-2 infection. Although the study was conducted prospectively, data were ex-
tracted retrospectively from patient medical records. Data were collected from ICU admis-
sions between 10 March 2020 and 26 August 2022.

The study was approved by the institutional ethics committee, and informed consent
was obtained from all patients or their legal representatives.
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2.2. Population

A total of 1040 adult (≥18 years) patients admitted to the ICU were included in this
study (Figure 1).

Figure 1. Flowchart of patient selection.

Among this cohort, 465 were diagnosed with delirium, whereas 441 did not exhibit
delirium, and 134 were suspected of having delirium. Probable delirium was defined as
cases in which there was clinical suspicion, based on behavioral signs, medication use
(e.g., neuroleptics), or medical chart notes, but where CAM-ICU assessment or formal
diagnostic criteria were not consistently applied or documented. Patients classified as
probable cases of delirium were excluded from the analysis to ensure that the study
cohort consisted solely of cases with definitive diagnoses, minimizing potential bias and
enhancing the reliability of the results. This exclusion resulted in a cohort of 906 patients.
To ensure balanced group representation and minimize class imbalance bias during model
development, random undersampling was applied to both groups. From the 465 patients
with delirium and the 441 without, a random selection of 213 patients was generated from
each class using the Balance Data widget in Orange 3 (version 3.19.0) [67], configured
for undersampling without replacement. The resulting balanced dataset of 426 patients
(213 with and 213 without delirium) was automatically shuffled to prevent ordering bias.
This approach preserved the internal distribution of clinical features within each class while
reducing bias during ML model training. Nonetheless, this strategy may introduce selection
bias by excluding potentially informative data points, which could limit the generalizability
of the results.

All patients tested positive for COVID-19 via real-time polymerase chain reaction
targeting SARS-CoV-2. At the time of ICU admission, none of the patients were terminally
ill or exhibited signs of delirium. Furthermore, the cohort was limited to patients without
a history of major psychiatric disorders or pre-existing neurological conditions that might
confound the analysis. To prevent potential biases from multiple admissions, only the
first ICU admission for each patient during the study period was included.

Delirium was primarily assessed using the CAM-ICU method [68]. The CAM-ICU
score was determined by evaluating the presence of four specific criteria to assess the pa-
tients’ cognitive state: acute onset or fluctuating course, inattention, disorganized thinking,
and altered level of consciousness. Patients with a Richmond Agitation and Sedation Scale
(RASS) [69] score of −4 or −5 were considered ineligible for CAM-ICU screening. Those
with at least one positive CAM-ICU score during their ICU stay were diagnosed with
delirium. In cases in which a delirium assessment was not performed, the delirium status
was established through a comprehensive review of the clinical notes. This review assessed
the use of neuroleptics, the RASS score, and the Diagnostic and Statistical Manual of the
American Psychiatric Association (DSM-5) criteria [4].

2.3. Demographic, Clinical, and Laboratory Features

Demographic, clinical, and laboratory variables were retrospectively extracted from
the electronic medical records and ICU clinical information systems. A total of 665 features
were collected, corresponding to data routinely recorded at ICU admission.
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Patient demographics included sex, age, and nationality. Additional contextual
information included the reason for ICU admission and the specific wave of the Por-
tuguese COVID-19 pandemic (from the first to the sixth wave) during which the patients
were hospitalized.

The clinical variables encompassed a comprehensive range of comorbidities, including
hypertension, constipation, diabetes mellitus, chronic kidney disease, obesity, dyslipidemia,
ischemic heart disease, congestive heart failure, chronic respiratory disease, pulmonary
hypertension, stroke, solid and hematologic malignancies, autoimmune disorders, chronic
liver disease, history of organ transplantation, hyperuricemia, pre-existing psychiatric ill-
ness, insomnia, and neurological conditions (e.g., epilepsy, Parkinson’s disease, schizophre-
nia, multiple sclerosis, and amyloidosis).

Key interventions such as the use of IMV and extracorporeal membrane oxygenation
(ECMO) were documented. Medication data included drugs administered both before and
during the ICU stay, such as sedatives (e.g., midazolam, oxazepam), antibiotics, anticoag-
ulants, corticosteroids, immunosuppressants, and other therapeutic classes. COVID-19-
specific variables were also collected, including vaccination status and the number of days
between symptom onset and ICU admission.

Laboratory parameters were obtained from routine blood tests performed at ICU ad-
mission. This included blood gas analysis, hemogram, coagulation markers (International
Normalized Ratio (INR), activated partial thromboplastin time and fibrinogen), kidney
function indicators (e.g., creatinine, urea), electrolytes, liver function tests (e.g., bilirubin,
alkaline phosphatase, gamma-glutamyl transferase, transaminases, lactate dehydrogenase),
inflammatory markers (e.g., C-reactive protein (CRP), procalcitonin and ferritin), and other
biomarkers including creatine kinase and troponin.

Additional variables included the ICU length of stay and mortality rates in both the
ICU and hospital settings.

All data were anonymized and compiled into a structured dataset for analysis. Data
cleaning and preprocessing were performed to ensure consistency and eliminate duplicated
or incomplete records. Only variables available for at least 70% of patients were considered
for the ML analysis. No imputation was performed; variables slightly below this threshold
were excluded to preserve data quality and avoid introducing assumptions based on
incomplete information.

2.4. Collection of Biological Samples

Laboratory parameters were obtained from routine blood tests performed at ICU
admission. For this purpose, peripheral blood was collected in a tube with no anticoagulant
(VACUETTE®, Kremsmünster, Austria), using standard blood collection procedures. To
ensure consistency, all blood collections were performed during the first morning shift in
the ICU, between 7 and 9 a.m. Once collected, the blood was immediately placed in cold
storage at −4 ◦C and processed within 2 h. The serum was then obtained by centrifugation
at 3500 rpm for 10 min (Mikro 220T, Hettich, Tuttlingen, Germany) and maintained at
−80 ◦C until further analysis.

2.5. Statistical Analysis

For continuous variables, comparisons between the two groups were conducted using
the independent samples t-test when the data adhered to a normal distribution. In cases
in which the data deviated from normality, the Mann–Whitney U test was used as a non-
parametric alternative. Categorical data were analyzed using chi-square tests to assess
independence within the contingency tables. When the contingency tables contained cells
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with low expected frequencies, Fisher’s exact test was employed to ensure accurate results.
A two-sided p-value of less than 0.05 was considered indicative of statistical significance.

All descriptive and inferential analyses were performed using IBM SPSS Statistics
software, version 27 (IBM Corp., New York, NY, USA).

2.6. ML and Data Analysis

Several ML algorithms were evaluated, including Naïve Bayes, Logistic Regression,
Decision Tree, SVM, and Random Forest algorithms. The model with the highest overall
performance—based on AUC, accuracy, precision, sensitivity, and specificity—was selected
for detailed analysis. These metrics were chosen to provide a comprehensive evaluation
of the model’s ability to distinguish between delirium and non-delirium cases. Given the
potential for class imbalance, the AUC was prioritized as the primary metric because of
its effectiveness in assessing the model’s discriminatory power across all decision thresh-
olds. Additionally, sensitivity and specificity were considered to ensure a well-balanced
performance and clinical applicability.

Each of the selected algorithms offers unique strengths in delirium prediction. Naïve
Bayes, a probabilistic model, estimates class probabilities using Bayes’ theorem, assuming
feature independence, making it computationally efficient [70–72]. Logistic Regression,
a linear model, predicts binary outcomes using a logistic function and is valued for its
simplicity and interpretability [73]. Decision Trees construct hierarchical rules for classi-
fication, allowing them to intuitively and effectively capture nonlinear relationships in
data [74]. SVMs determine an optimal hyperplane that maximizes the separation margin
between classes, exhibiting particular excellence with high-dimensional data when appro-
priate kernel functions are applied [75]. Random Forest, an ensemble learning method that
aggregates multiple Decision Trees, enhances prediction stability and generalizability while
mitigating overfitting by averaging outputs across the ensemble [76,77].

Feature selection was performed using the Information Gain scoring method to iden-
tify the variables most relevant for differentiating delirium from non-delirium cases. The
proposed method evaluates the contribution of individual features in separating target
classes [78,79]. To prevent data leakage and ensure unbiased evaluation, feature selection
was integrated into the cross-validation process. The selected features were used to effec-
tively address the research objectives. Performance metrics were obtained using 10-fold
stratified cross-validation, where each fold served as a test set, while the remaining folds
were used for training.

Confusion matrices were used to assess classification performance and provide in-
sights into true positives, false positives, true negatives, and false negatives [80]. Sensitivity
(recall) measured the proportion of true positive (delirium) cases correctly identified, while
specificity quantified the proportion of true negative (non-delirium) cases accurately classi-
fied. These evaluations offered detailed perspectives on the data structure and clustering,
which are critical for interpreting EEG features in predicting delirium.

To enhance model interpretability, a nomogram was developed for the best-performing
ML model. The nomogram visually represents the influence of individual features on the
predicted binary outcomes [50,81]. For binary features, it illustrates how their presence
or absence affects predictions, whereas, for continuous features, predictive influences are
depicted using value ranges, thereby providing insights into how different feature levels
impact the outcome. By allowing users to explore the effects of feature value changes,
the proposed nomogram improves the transparency and comprehension of the model’s
decision-making process.
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ML algorithms, feature selection, and the creation of confusion matrices and nomo-
grams, were performed using Orange 3, version 3.19.0 (Bioinformatics Lab, University of
Ljubljana, Slovenia) [67].

Feature Selection

To maintain the quality and relevance of the data used in the ML models, thorough
criteria were applied during the preparation and refinement of both categorical and con-
tinuous variables, prior to applying the Information Gain scoring method. This process
focused on removing features with low variability, inadequate representativeness, or a high
percentage of missing values, as detailed below:

1. Low variability in the categorical variables:

a. Criteria: categorical variables in which a single category (0 or 1) dominated
more than 95% of the cases in both groups were excluded.

b. Objective: to ensure that the variables exhibited sufficient variability to distin-
guish between the analyzed groups (delirium vs. non-delirium).

2. Low frequency and absence of categorical variables:

a. Criteria: variables for which one category (0 or 1) had fewer than 2 absolute
occurrences in either group were removed; variables for which one category
was entirely absent in one group were also excluded.

b. Objective: to ensure minimal representativeness of all categorical variables in
both groups to avoid statistical bias.

3. High frequency of missing values in the continuous variables:

a. Criteria: continuous variables with more than 30% missing values were excluded.
b. Objective: to retain only variables with at least 70% valid values and to mini-

mize the impact of missing data on modeling.

4. Low variance in the continuous variables:

a. Criteria: continuous variables with a variance of less than 0.01 were removed.
b. Objective: to eliminate features with low dispersion, which have limited pre-

dictive value for classification between groups.

These criteria were applied within the selection pipeline using Orange 3 software [67],
ensuring that only the most relevant and representative features were retained for the
subsequent modeling stages. This approach minimized noise, optimized data efficiency,
and enhanced the predictive performance of the models while preserving the essential
information for analysis. As a result, a final set of 112 demographic, clinical, and laboratory
features was used to develop the ML models (Table S1).

3. Results
3.1. General Characteristics of the Population at ICU Admission

Of the 426 patients included in this study, 213 were diagnosed with delirium (Figure 1).
At ICU admission, the development of delirium was significantly associated with male
sex (p < 0.001), a longer ICU length of stay (p < 0.001), constipation (p = 0.002), use of
IMV (p < 0.001), ECMO (p = 0.005), and deep sedation with (p < 0.001) or without benzodi-
azepines (p = 0.046). Conversely, variables such as Portuguese nationality, comorbidities
(including hypertension, diabetes mellitus, dyslipidemia, and obesity), and ICU or hospital
mortality were not significantly associated with delirium (all with p ≥ 0.05) (Table 1).
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Table 1. Demographic and clinical characteristics of patients with and without delirium at
ICU admission.

Patients with
Confirmed Delirium

(n = 213)

Patients Without
Delirium
(n = 213)

p-Value Statistic Test

Age (years) (median, IQR) 62.00 (21.00) 62.00 (25.00) 0.377 Mann–Whitney U test

Male sex (n, %) 173 (81.2%) 141 (66.2%) <0.001 Chi-square

Portuguese nationality (n, %) 158 (74.2%) 159 (74.6%) 0.939 Chi-square

Administration of the
COVID-19 vaccine (n, %) 48 (22.5%) 60 (28.2%) 0.181 Chi-square

Comorbidities (n, %) 103 (48.4%) 86 (40.4%) 0.097 Chi-square

Hypertension (n, %) 109 (51.2%) 102 (47.9%) 0.498 Chi-square

Diabetes Mellitus (n, %) 60 (28.2%) 55 (25.8%) 0.585 Chi-square

Dyslipidemia (n, %) 53 (24.9%) 50 (23.5%) 0.734 Chi-square

Obesity (n, %) 54 (25.4%) 45 (21.1%) 0.302 Chi-square

Hospital death (n, %) 50 (23.5%) 50 (23.5%) 1.000 Chi-square

ICU death (n, %) 32 (15.0%) 41 (19.2%) 0.247 Chi-square

Days of ICU stay (median, IQR) 16.00 (14.00) 6.00 (6.00) <0.001 Mann–Whitney U test

Use of IMV (n, %) 141 (66.2%) 75 (35.2%) <0.001 Chi-square

Use of ECMO (n, %) 18 (8.5%) 5 (2.3%) 0.005 Chi-square

Deep sedation with
benzodiazepine (n, %) 39 (18.3%) 10 (4.7%) <0.001 Chi-square

Deep sedation without
benzodiazepine (n, %) 64 (30.0%) 46 (21.6%) 0.046 Chi-square

Constipation (n, %) 37 (17.4%) 16 (7.5%) 0.002 Chi-square

3.2. Demographic, Clinical, and Laboratory ML Models

To evaluate delirium risk at ICU admission, ML models were trained using demo-
graphic, clinical, and laboratory variables from patients with SARS-CoV-2 infection. Their
predictive performance is presented in Table 2.

Table 2. Performance metrics from the 10-fold cross-validation of the ML models developed incor-
porating demographic, clinical, and laboratory variables collected at ICU admission, for delirium
prediction among critically ill patients with SARS-CoV-2 infection. The variables were ranked based
on their predictive contributions using the Information Gain scoring method. The reported metrics
include AUC, accuracy, precision, sensitivity, and specificity.

RANK (Order) Model AUC Accuracy Precision Sensitivity Specificity

1. Use of IMV
2. Deep sedation with

benzodiazepines
3. SARS-CoV-2 as the reason for

ICU admission
4. Use of ECMO
5. Constipation
6. Male sex

SVM 0.558 0.509 0.507 0.657 0.362

Logistic
Regression 0.690 0.643 0.661 0.587 0.700

Decision Tree 0.707 0.634 0.645 0.596 0.671

Random Forest 0.714 0.655 0.660 0.638 0.671

Naïve Bayes 0.717 0.653 0.662 0.624 0.681
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Feature selection was performed using the Information Gain scoring method, which
identified the six variables with the highest predictive value for delirium. IMV emerged
as the most influential predictor, followed by deep sedation with benzodiazepines, ICU
admission due to SARS-CoV-2 infection, ECMO use, constipation, and male sex.

Among the evaluated models, the Naïve Bayes algorithm demonstrated the most
favorable predictive performance, achieving an AUC of 0.717, which indicates moderate
discrimination between delirium and non-delirium cases. This performance was further
supported by consistent metrics across accuracy (65.3%), precision (66.2%), sensitivity
(62.4%), and specificity (68.1%). As shown in Table 3, among the 213 patients diagnosed
with delirium, the model correctly classified 66.2% (133 patients) as delirium cases (true
positives), whereas 35.6% (80 patients) were misclassified as non-delirium (false negatives).
For the 213 patients without delirium, 64.4% (145 patients) were correctly classified as
non-delirium (true negatives), whereas 33.8% (68 patients) were incorrectly classified as
delirium cases (false positives).

Table 3. Confusion matrix for the Naïve Bayes delirium prediction model using demographic, clinical,
and laboratory variables.

Predicted

R
ea

l

Without delirium With delirium Σ

Without delirium 64.4% (145) 33.8% (68) 213

With delirium 35.6% (80) 66.2% (133) 213

Σ 225 201 426

In practical terms, the model’s precision (66.2%) suggests that approximately two out
of every three patients flagged as high risk in fact developed delirium. Its false positive rate
(33.8%) is relatively modest for a screening tool and may be considered acceptable in ICU
settings where the goal is to prompt timely preventive actions with minimal downsides.
Collectively, these performance characteristics, although moderate, offer a useful balance
between sensitivity and specificity, reinforcing the model’s potential value as an initial
triage tool to identify patients who may benefit from enhanced monitoring or targeted
preventive strategies. This overall profile further supports the model’s clinical applicability
for early risk stratification and timely intervention in ICU settings.

Notably, despite its simplicity and assumption of feature independence [70,82], the
Naïve Bayes model achieved a balanced performance comparable to, or even exceeding,
that of more complex algorithms. The remaining ML models exhibited similar classification
profiles, with key differences particularly in terms of the trade-off between sensitivity and
specificity. For example, Logistic Regression demonstrated higher specificity (70.0%) at
the cost of lower sensitivity (58.7%), reflecting a more conservative classification strategy.
Conversely, the SVM model presented the opposite trend, with relatively high sensitivity
(65.7%) but markedly low specificity (36.2%), indicating a limited ability to discriminate
non-delirium cases. The Random Forest model, by contrast, achieved a well-balanced
performance across all metrics, closely aligning with that of the Naïve Bayes algorithm.

To further enhance the clinical applicability of the Naïve Bayes model, a nomogram
was developed incorporating the six most predictive features identified through Infor-
mation Gain ranking. In this visual tool, each feature is assigned a corresponding score
based on its presence or level, with blue markers indicating the values or categories most
strongly associated with delirium development in this study cohort (Figure 2). For instance,
in this study cohort, at ICU admission, a patient requiring IMV (1), deeply sedated with
benzodiazepines (1), admitted due to SARS-CoV-2 infection (1), receiving ECMO support
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(1), presenting with constipation (1), and being male (0) would be assigned a predicted
probability of approximately 95% for developing delirium. By integrating multiple risk
factors into a single visual representation, this nomogram provides a user-friendly tool
for individualized risk assessment, facilitating the identification of high-risk patients and
allowing clinicians to implement targeted interventions and optimize ICU care strategies.

Figure 2. Nomogram for the Naïve Bayes model for predicting delirium based on demographic,
clinical, and laboratory variables. The variables were categorized as follows: IMV use at ICU
admission, deep sedation with benzodiazepines, ECMO support at ICU admission, and constipation
were coded as binary variables (1 = present and 0 = absent); the reason for ICU admission was
numerically coded as 1 for SARS-CoV-2 infection, 2 for urgent surgery, 3 for acute myocardial
infarction, 4 for stroke, 5 for septic shock, 6 for heart rhythm changes, 7 for Guillain–Barré syndrome,
and 8 for renal insufficiency; sex was coded as 0 for male and 1 for female. The blue circles indicate
the binary values (0 or 1) assigned to each predictor variable.

4. Discussion
4.1. Clinical and Demographic Characteristics of the Population

In this cohort, key clinical and demographic factors were associated with delirium
in critically ill patients with SARS-CoV-2, while others showed no significant association,
reflecting the condition’s complexity (Table 1).

Patients who developed delirium were significantly more likely to be male, to require
prolonged ICU stays, and to undergo invasive interventions such as IMV and ECMO.
They also had higher exposure to sedatives, particularly benzodiazepines, and a greater
prevalence of gastrointestinal dysfunction, especially constipation.

These findings are consistent with prior studies demonstrating that deep sedation, par-
ticularly when involving benzodiazepines, is associated with an increased risk of delirium
due to enhanced central nervous system depression and the disruption of normal cognitive
processes [83,84]. This risk is further compounded by other well-established factors, includ-
ing male sex [8,34,35], prolonged ICU stay [61,85], and the use of invasive interventions,
such as IMV and ECMO [85–87], which likely reflect different but interacting pathways of
vulnerability, involving illness severity, physiological stress, and sex-related biological fac-
tors. Additionally, gastrointestinal dysfunction—especially constipation—may contribute
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to delirium through mechanisms such as gut barrier disruption, systemic inflammation,
and gut–brain axis dysregulation [88,89].

In contrast, other factors, such as Portuguese nationality, comorbidities (including
hypertension, diabetes mellitus, dyslipidemia, and obesity), and ICU and hospital mortality,
were not significantly associated with delirium development (all with p ≥ 0.05). Although
prior studies have associated certain comorbidities with increased delirium risk [90–93],
these reported associations were not confirmed in this study cohort’s, potentially due
to differences in population characteristics or study design. Similarly, despite extensive
evidence linking delirium to increased mortality [8], the chi-squared test showed no sig-
nificant association between delirium and ICU mortality in this cohort, possibly due to
confounding factors such as early recognition and management of delirium or differences
in illness severity.

4.2. Performance of the Developed ML Models

This study evaluated the predictive performance of five ML algorithms—Logistic
Regression, SVM, Decision Tree, Random Forest, and Naïve Bayes—for delirium prediction
among critically ill patients with SARS-CoV-2 infection, using demographic, clinical, and
laboratory variables collected at ICU admission.

Among the developed models, the Naïve Bayes classifier demonstrated the highest
overall predictive performance, achieving an AUC of 0.717, accuracy of 65.3%, precision
of 66.2%, sensitivity of 62.4%, and specificity of 68.1%. Random Forest and Decision Tree
models exhibited comparable but slightly lower AUCs (0.714 and 0.707, respectively), with
similar sensitivity and specificity profiles. Although these differences were modest, the
simpler structure and interpretability of the Naïve Bayes algorithm [82] make it particularly
attractive for clinical application, especially in environments where transparency, speed,
and ease of deployment are critical.

Logistic Regression is also widely recognized for its transparency and interpretability [94],
but its lower AUC (0.690) in this study suggests that the probabilistic approach of Naïve
Bayes may better capture early risk patterns based on ICU admission variables. Building
on this advantage, the Naïve Bayes model provides not only rapid probabilistic predic-
tions but also a straightforward interpretation, both of which are valuable in ICU settings
where timely and informed decisions can significantly affect outcomes [82]. In contrast,
models such as Random Forest and Decision Tree, although generally accurate, are more
complex (“black-box” models), which can limit their transparency and practical use at
the bedside [94–96]. The SVM model, another complex approach, performed particu-
larly poorly (AUC = 0.558), demonstrating low accuracy (50.9%) and poor specificity
(36.2%), making it the least reliable model in this context. Importantly, these findings
highlight that increased model complexity—characteristic of SVM and ensemble methods
such as Random Forest [75,76]—does not necessarily translate into better predictive per-
formance, especially when interpretability and clinical usability are key considerations.
Although such models can capture complex, nonlinear feature interactions, their black-box
nature may hinder clinical adoption, where clear, explainable reasoning remains a core
requirement [94,97,98].

Balancing sensitivity and specificity remains a central challenge in the development
of delirium prediction models [32,99,100]. A higher sensitivity ensures that high-risk
patients are identified early and receive early intervention, whereas a lower specificity
can lead to excessive false positives and unnecessary interventions. In this study, the
Naïve Bayes model provided a reasonable trade-off between detecting high-risk patients
(62.4% sensitivity) and minimizing false alarms (68.1% specificity). In contrast, models
developed by Hur et al. [44] and Bhattacharyya et al. [30] prioritized sensitivity (>90%), but
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at the expense of specificity and precision, leading to a higher number of false positives and
an increased clinical burden. Although these approaches effectively captured more delirium
cases, the moderate specificity achieved in the present study may be more applicable
in real-world ICU settings. Other studies have attempted to optimize both sensitivity
and specificity. Ko et al. [101], for example, developed a delirium prediction model for
cardiac ICU patients, achieving an AUC of 0.861, with a sensitivity of 83% and a specificity
of 71%, thereby outperforming the Naïve Bayes model presented in this study. This
superior performance may be explained by the inclusion of hemodynamic and biochemical
parameters, such as albumin levels, INR, blood urea nitrogen, and C-reactive protein, which
provided additional physiological context beyond the static admission data. Although
such variables were included in this study’s dataset, they ranked low in the Information
Gain analysis, suggesting their minimal contribution to delirium risk prediction at ICU
admission and leading to their exclusion from the final models. The limited relevance
of these parameters at admission underscores a potential limitation of static data and
suggests that expanding the set of predictive variables to include dynamic indicators of
early clinical deterioration could enhance model discrimination. However, integrating
real-time physiological data poses practical challenges, including data availability issues,
increased computational requirements, and potential biases introduced during feature
selection [32,47,102].

Collectively, these findings emphasize the importance of balancing sensitivity and
specificity while maintaining clinical interpretability. Despite its limitations, the Naïve
Bayes model in this study achieved a reasonable trade-off and offers a practical approach for
ICU implementation. Prior research has indicated that clinicians value model transparency
in decision making, often favoring simpler models with clear reasoning over highly com-
plex, opaque algorithms [103–105]. By aligning with this clinical preference, interpretable
approaches such as Naïve Bayes not only facilitate adoption but also provide a solid foun-
dation for enhancing predictive performance without compromising clarity—an essential
factor in ICU settings where real-time decision making is critical.

4.3. Comparison with ML-Based Models

In line with previous studies applying ML for ICU delirium prediction, this study
evaluated multiple ML algorithms using ICU admission-only data. A notable aspect of
this work is the comprehensive comparison of the models and the use of a nomogram to
enhance interpretability, thereby aiding clinical decision making. Additionally, a structured
feature selection process was applied to refine the dataset to ensure that the most relevant
variables contributed to the model performance.

Although this study focused on ICU admission data for early risk stratification, the
fluctuating and episodic nature of delirium [8,20] makes it challenging for static models to
fully capture its evolving risk. As a result, dynamic models, which incorporate continuously
updated physiological data, often outperform static approaches in terms of predictive
accuracy. For instance, Gong et al. [61] incorporated physiological variables updated
every 12 h, achieving AUROCs between 0.785 and 0.845, and Liu et al. [106] applied
a long short-term memory (LSTM)-based deep learning model, integrating sequential EHR
data, yielding an AUROC of 0.952 when combined with a LightGBM model. Similarly,
Bhattacharyya et al. [30] employed a rolling observation window of 12–48 h for delirium
prediction, achieving an AUROC between 0.81 and 0.88, depending on the observation and
prediction windows. These findings indicate that incorporating evolving clinical data can
better capture the nonlinear and time-dependent patterns of delirium onset. However, as
previously discussed, such methods often require continuous monitoring, extensive data
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infrastructure, and significant computational resources, which may not be feasible in all
ICU settings.

In addition, despite the advantages of dynamic modeling, static models remain widely
used in ICU settings due to their simplicity, efficiency, and interpretability, with several
studies demonstrating that data collected within the first 24 h of ICU admission can yield
strong predictive performance. For example, Tang et al. [107] developed an interpretable
ML model incorporating demographic, disease-related, and environmental factors recorded
within the first 24 h of ICU admission, achieving an AUC of 0.836, accuracy of 0.765, and
sensitivity of 0.713. The DeLLiriuM model [60], trained on structured EHR data from the
same period, reported AUROCs between 0.77 and 0.84. Similarly, Hur et al. [44] developed
the PRIDE algorithm, utilizing Random Forest, Extreme Gradient Boosting (XGBoost),
Deep Neural Networks, and Logistic Regression to predict delirium within 24 h of ICU
admission, achieving an AUC of 0.82 and sensitivity of 0.76. Meanwhile, Esumi et al. [45]
developed a burn patient delirium prediction model, using Logistic Regression trained
solely on ICU admission variables; they reported an AUC of 0.906, outperforming other
admission-based models. Although these studies demonstrate that static data, collected
early in a patient’s ICU stay, can still be leveraged for predictive modeling, it is important
to note the trade-offs associated with more complex approaches. Methodologies such as
the large language models (LLMs) used in the DeLLiriuM model (AUROC = 0.77–0.84) [60],
deep neural networks (AUROC = 0.881) [44], XGBoost (AUROC = 0.836–0.919) [44,107],
and Random Forests (AUROC = 0.850–0.916) [44,45] often deliver higher accuracy but
demand greater computational resources and are more challenging to interpret, which can
hinder their routine clinical integration.

In contrast, although the present study’s Naïve Bayes model achieved slightly lower
metrics (AUC = 0.717, accuracy = 65.3%, sensitivity = 62.4%, and specificity = 68.1%) than
those reported in the previous studies, it still provides a straightforward, interpretable,
and resource-efficient solution for early delirium risk stratification. Several factors may
explain these performance differences, including variations in patient populations, sample
sizes, feature selection methods, and dataset compositions. In addition, the exclusion of
dynamic physiological markers or additional biomarkers may have contributed to the
superior performance observed in other models. However, these enhancements often come
at the cost of reduced interpretability and increased implementation complexity.

Moreover, although complex and advanced ML models have demonstrated superior
performance in some cases, studies have also shown that they do not always translate into
better clinical outcomes due to issues related to overfitting, a lack of generalizability, and
computational constraints [43]. A recent systematic review [43] emphasized that many
AI-based delirium prediction models reported AUCs similar to, or even lower than, that
of the present study. For instance, Nagata et al. [108] developed an Extra-Trees ensemble
model that achieved an AUROC of 0.76, reflecting only moderate performance despite its
algorithmic complexity, and which is comparable to the present study’s performance. In
comparison, a Logistic Regression-based model proposed by Cherak et al. [109] generated
AUCs ranging from 0.67–0.78, further demonstrating that even traditional ML models,
when properly optimized, can deliver clinically relevant accuracy without the implementa-
tion challenges associated with more complex AI approaches. Moreover, broader reviews
of AI methods have highlighted the importance of transparency and usability, particularly
in critical care settings where model explainability is essential for clinical adoption [110].

These comparisons illustrate the trade-offs between predictive power, complexity, and
implementation feasibility observed across ML-based delirium prediction models. They
also highlight the relevance of tailoring model choice to the specific clinical context and
operational constraints of each ICU environment.
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4.4. Comparison with Traditional Regression-Based Models

Compared with well-established regression-based models such as E-PRE-DELIRIC [42]
and PRE-DELIRIC [41], the Naïve Bayes model developed in this study builds upon these
approaches by incorporating additional laboratory features, such as arterial blood gas
values, lactate, and CRP, aiming to enhance early delirium risk stratification.

The E-PRE-DELIRIC model [42], which relied solely on clinical variables collected
at ICU admission, achieved an AUC of 0.76 in the development cohort and 0.75 in the
validation cohort. In contrast, the PRE-DELIRIC model [41], which incorporated both
clinical and laboratory data from the first 24 h of ICU stay, demonstrated higher predic-
tive performance with an AUC of 0.87, sensitivity of 77%, and specificity of 76% in the
development cohort, and an AUC of 0.84 in external validation. This superior performance
may be explained by the inclusion of evolving clinical data beyond admission—capturing
changes in patient status over the first 24 h—which were not available in the present study
or in E-PRE-DELIRIC. Notably, despite incorporating certain laboratory features, the best
model in this study demonstrated moderate performance (AUC of 0.717), although it
remains clinically informative. This reinforces the idea that factors such as illness severity
(e.g., APACHE-II score), neurological status (e.g., coma at admission), and metabolic mark-
ers (e.g., metabolic acidosis)—which were included in PRE-DELIRIC but not in the present
study or E-PRE-DELIRIC—may play a more significant role in predicting delirium risk, as
they have been consistently associated with its development.

Building on these comparisons, further insights can be gained by examining
models that incorporated broader or more refined feature sets to improve prediction.
Chen et al. [111] developed a Logistic Regression model using demographic, clinical,
and laboratory parameters—including patient history factors such as prior delirium and
dementia—achieving an AUC of 0.71, which is comparable to that of the present study’s
Naïve Bayes model. Similarly, Cherak et al. [109] used the Least Absolute Shrinkage and Se-
lection Operator (LASSO) Logistic Regression to refine feature selection, which achieved an
AUC of 0.73. By applying regularization, LASSO penalizes less informative or redundant
predictors, thereby improving generalizability and reducing overfitting [112,113]. In con-
trast, the present study used Information Gain for feature selection—a method that ranks
feature importance but does not inherently remove correlated variables [102,114]—which
may have diluted the overall predictive power.

Beyond admission-based models, dynamic traditional prediction models offer a com-
plementary approach to delirium risk assessment. For example, the DYNAMIC-ICU
score [115], which integrates continuously updated variables, achieved an AUC of 0.77,
representing only a moderate increase over this study’s AUC of 0.717. This suggests that,
while time-dependent physiological and laboratory updates may enhance predictive accu-
racy, the gain is limited. Moreover, as previously noted, neither static nor dynamic models
necessarily outperform each other in all clinical settings—rather, they serve different opera-
tional needs. A further limitation of dynamic models is their dependence on real-time data
streams, infrastructure, and considerable computational resources—requirements that may
not be practical or available in all ICU environments [32,43].

These findings emphasize how model performance is closely linked to the data types,
feature selection strategies, and clinical settings in which they are applied. Understanding
these relationships is key to choosing appropriate models for specific operational contexts.

4.5. Factors Influencing Model Performance

Several factors may explain the performance differences between the present study
and prior delirium prediction models. Variations in feature selection could play a role,
as some models incorporated additional variables, such as pre-existing neuropsychiatric
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disorders [109], early ICU interventions [101,107,109,116], or severity scores [109,115]. Al-
though these differences do not necessarily indicate a broader feature set, they may have
influenced the predictive performance. Additionally, as previously noted, models such as
those reported by Chen et al. (AUC = 0.71) [111] and Cherak et al. (AUC = 0.73) [109] ap-
plied more refined feature selection techniques—stepwise Logistic Regression and LASSO
Regression, respectively—which may have optimized variable selection and reduced over-
fitting, partially accounting for their slightly higher AUCs.

Dataset characteristics also affect the model performance. Larger sample sizes, such
as those used in PRE-DELIRIC (3056 patients, AUC = 0.87 development, 0.84 external
validation) [41] and Cherak et al. (8878 patients, AUC up to 0.78) [109], can improve
generalizability [117]. However, smaller datasets, such as those used by Chen et al. (620 pa-
tients, AUC = 0.78) [111], Li et al. (507 patients, AUC = 0.92) [118], and the present study
(426 patients, AUC = 0.717), have also achieved clinically useful results, suggesting that
methodological factors beyond sample size contribute to model effectiveness.

The timeframe of data collection is a critical factor in delirium prediction models. While
models such as PRE-DELIRIC [41] and those in this study incorporated data from the first
24 h of ICU admission, other models, including dynamic ones such as the PRIDE model [44]
and the DYNAMIC-ICU score [115], collected data at multiple time points or continuously.
These dynamic approaches leverage repeated physiological measurements and evolving
clinical parameters, which may improve their predictive accuracy by capturing fluctuations
in delirium risk over time. In contrast, this study’s admission-based approach focused
on early risk stratification, offering a practical, resource-efficient solution for identifying
at-risk patients. Although it does not track evolving clinical trends, its ability to generate
early insights into delirium risk provides a solid foundation for early interventions in the
ICU setting.

The choice of the ML algorithm could have also influenced this study’s model per-
formance. While Naïve Bayes was selected for its simplicity, interpretability, and low
computational demands, ensemble methods and deep learning approaches have shown
advantages in handling complex relationships. For instance, Ko et al. [101] (AUC = 0.861)
used XGBoost along with other ML techniques, integrating biochemical and hemodynamic
parameters, whereas Contreras et al. [60] (AUROC = 0.84–0.85) applied LLMs to analyze
structured EHR data converted into text, a data source not available in this study. These
examples highlight how both the algorithm and data type can impact performance and
should be matched to the study context.

The cross-validation methodology may further contribute to AUC discrepancies. This
study applied 10-fold cross-validation, which provides a more robust and stable estimate
of generalizability than single train–test splits, which can artificially inflate performance
metrics [119]. Standardizing the validation methodologies across the delirium prediction
models would facilitate more direct performance comparisons in future research.

Taken together, these observations emphasize that methodological choices, such as the
dataset size, the feature engineering strategy, the computational budget, and the validation
design, directly shape reported performance and should therefore guide how delirium
prediction models are benchmarked and improved in future studies.

4.6. Identification of Key Predictors of Delirium

Beyond model performance, this study identified several key clinical predictors of
delirium at ICU admission, namely, the use of IMV, deep sedation with benzodiazepines,
SARS-CoV-2 infection as the reason for ICU admission, ECMO use, constipation, and male
sex. These findings are consistent with prior research and reinforce the multifactorial nature
of delirium pathogenesis among critically ill patients, as discussed in detail below.
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IMV emerged as the strongest predictor of ICU delirium, aligning with extensive
literature [44,61,101]. The association between IMV and delirium is likely due to multiple
interacting mechanisms, including hypoxia, systemic inflammation, prolonged sedation,
and immobilization [1,34,120,121]. Studies have reported that up to 80% of mechanically
ventilated patients develop delirium [1,56,101,122], highlighting the cognitive impact of
prolonged ventilator support. The inclusion of ventilatory parameters in ML models has
further reinforced the predictive value of IMV for delirium [30,44,61,101]. Furthermore,
prolonged IMV has been associated with neuroinflammation, the increased permeability of
the blood–brain barrier, and neurotransmitter imbalances, all of which contribute to delir-
ium pathogenesis [34,86]. In addition, deep sedation, which is often required for patients
with IMV, has been linked to prolonged ICU stays, higher mortality, and a greater risk of
persistent cognitive dysfunction after hospital discharge [1,5,9,10,13]. Given these findings,
early mobilization strategies, daily sedation interruptions, and ventilator weaning protocols
should be prioritized to mitigate the risk of delirium in ventilated patients [86,120,123].

Deep sedation with benzodiazepines (specifically, midazolam combined with propo-
fol, with or without fentanyl) was another significant predictor. This observation aligns
with prior evidence indicating that benzodiazepine-based sedation increases the risk of
delirium among critically ill patients [1,7,83,84]. Benzodiazepines and propofol exert their
effects through GABAergic mechanisms, leading to cortical depression, impaired neuro-
transmission, and the disruption of synaptic plasticity. Additionally, several studies have
reported a dose-dependent association between benzodiazepine exposure and delirium
development [83]. In response to these risks, sedation strategies that minimize benzo-
diazepine use, favor dexmedetomidine-based protocols, and incorporate daily sedation
interruptions have been widely recommended to mitigate the occurrence of delirium. By
reducing sedation depth and enhancing patient interaction, these approaches may promote
lighter sedation levels, facilitate early mobilization, and help preserve cognitive function
during and after ICU stays.

Delirium development was also associated with ICU admission due to SARS-CoV-2 in-
fection. COVID-19 patients requiring intensive care often exhibit heightened inflammatory
responses, hypoxemia, and multi-organ dysfunction, all of which have been implicated
in delirium pathogenesis [40,55,57,121]. Supporting this association, several studies con-
ducted during the pandemic reported delirium rates ranging from 30% to 80% among
critically ill patients with COVID-19 [40,57,58], emphasizing the impact of systemic inflam-
mation and direct viral effects on the central nervous system.

In line with IMV, ECMO—another invasive life support intervention—was addi-
tionally identified as a major determinant of delirium. Patients requiring ECMO often
represent the most critically ill cohort, with severe respiratory failure, prolonged seda-
tion, immobilization, and systemic inflammation serving as key contributors to brain
dysfunction [87,124–126]. Recent studies have shown that delirium is highly prevalent
among patients with ECMO, with rates reaching over 50% in some cohorts [87,124]. Further-
more, ECMO survivors exhibit a significantly increased risk of prolonged neurocognitive
impairment and neuropsychiatric sequelae after ICU discharge compared with non-ECMO
patients [125,126]. These findings underscore the vulnerability of patients with ECMO to
both acute brain dysfunction and long-term cognitive deficits, emphasizing the need for
targeted delirium prevention and cognitive rehabilitation strategies in this population.

Continuing the multifactorial profile of delirium risk, this study also identified con-
stipation as an important predictor, despite often being overlooked in clinical practice.
Gastrointestinal dysmotility is common among critically ill patients due to opioid use,
immobility, and reduced oral intake, and it has been shown to independently predict
delirium [88,89]. This association may be explained by several pathophysiological mecha-
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nisms, including altered gut–brain axis communication, systemic inflammation, and the
accumulation of gut-derived neurotoxins that can impair brain function.

Finally, sex-based differences also emerged, with male sex being associated with
delirium. This finding, while inconsistently reported in prior studies, is supported by
evidence suggesting that males may be more vulnerable to neuroinflammatory insults and
ICU-related cognitive dysfunction [9,38,127].

4.7. Clinical Relevance

This study reinforces the multifactorial nature of ICU delirium and identifies several
clinically actionable predictors at ICU admission, including IMV, deep sedation with
benzodiazepines, SARS-CoV-2 infection, ECMO use, constipation, and male sex.

The association between delirium, IMV, and benzodiazepine use is consistent with
the established evidence and underscores the importance of sedation-sparing strategies,
early mobilization, and ventilator weaning protocols to mitigate delirium [39,83,84]. The
role of SARS-CoV-2 infection in delirium risk underscores the importance of targeted
monitoring during pandemics [40,55]. Similarly, ECMO use has been associated with an
increased risk of delirium, reflecting the profound illness severity, prolonged sedation,
immobilization, and systemic inflammation inherent to ECMO-supported patients [87].
Emerging evidence further indicates that ECMO survivors may experience persistent
cognitive impairment and neuropsychiatric sequelae after ICU discharge, emphasizing
the need for long-term cognitive follow-up in this population [125,126]. Constipation,
though frequently underrecognized, has also emerged as a relevant predictor of delirium.
Gastrointestinal dysmotility and gut–brain axis disruption may contribute to systemic
inflammation and neurocognitive dysfunction, suggesting a potential mechanistic link
between bowel dysfunction and delirium [88,89]. Lastly, male sex was associated with
delirium risk, which is consistent with prior studies suggesting increased vulnerability to
neuroinflammatory processes among males [90,91].

From a clinical perspective, although the Naïve Bayes model demonstrated moderate
predictive performance (AUC = 0.717; precision = 66.2%), its interpretability, simplic-
ity, and reliance on routinely available admission data make it a useful tool for early
risk stratification in real-world ICU environments. In contrast to more complex models,
the present approach aligns with typical ICU workflows by using static, early-phase
data, avoiding the need for real-time integration or high technical overhead [82,128].
Despite slightly lower AUC values when compared to dynamic or ensemble methods,
such as those using rolling windows or deep learning architectures [30,43,44,60,101],
the strength of the Naïve Bayes model lies in its transparency, low computational de-
mands, and ease of implementation—qualities that are especially relevant in resource-
limited settings [82,94,103–105,110]. While the false positive rate (33.8%) indicates that
some patients may be unnecessarily flagged, the low risk of harm associated with
preventive measures justifies its use as a triage tool rather than a diagnostic solu-
tion. Moreover, the model’s simplicity fosters clinician trust and facilitates bedside
implementation [82,94,103,104]. While advanced algorithms may offer marginal perfor-
mance gains, they often require substantial infrastructure and continuous data input and in-
troduce transparency challenges—factors that hinder clinical adoption [43,58,110,122,123].

By supporting timely and targeted clinical decisions, the Naïve Bayes model aligns
with the movement toward precision ICU care and offers a potentially useful approach to
reducing the burden of delirium among critically ill patients. Importantly, while COVID-19
negatively affected routine medical activity, it also catalyzed beneficial changes in ICU
workflows, such as streamlined protocols and the broader adoption of digital tools, which
align with the pragmatic nature of the proposed model [129].
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4.8. Limitations

Although this study provides clinically meaningful insights, several limitations should
be acknowledged to guide future improvements. First, this study used static variables
available at ICU admission only, which limits the model’s ability to capture dynamic
fluctuations in delirium risk during the ICU stay. Although models using dynamic data
may offer improved performance, their practical implementation remains challenging and
was beyond the scope of this work. Second, the analysis was limited to a single-center
cohort of critically ill patients with SARS-CoV-2 infection, which may have reduced the
generalizability to broader ICU populations. External validation across diverse patient
groups and ICU settings is essential to confirm the applicability of the proposed approach.
Third, although a wide range of clinical features was included, certain established delir-
ium predictors—such as illness severity scores (e.g., APACHE II), pre-existing cognitive
impairment or dementia, pain scores, environmental factors (e.g., noise, light exposure),
and longitudinal sedation depth—were not included due to data constraints, which may
have limited the model’s performance. Fourth, although Information Gain was used for
feature selection and Naïve Bayes was employed as the classification model to prioritize
interpretability and low computational complexity, alternative methods such as regularized
regression (e.g., LASSO) or ensemble ML models could potentially capture more complex
relationships without overfitting. Despite its advantages in terms of speed, simplicity, and
transparency, Naïve Bayes assumes feature independence, which may oversimplify interac-
tions among clinical variables. Future models should aim to balance interpretability and
predictive performance by exploring hybrid approaches that retain clinical usability. Fifth,
variables with high missingness or low variability were excluded, which, while method-
ologically necessary, may have inadvertently omitted potentially informative predictors.
Additionally, certain clinical or contextual variables were not included in the dataset due to
unavailability or inconsistent documentation in the EHR. These include potential predictors
such as prior substance use (e.g., alcohol or recreational drugs), immobility due to chronic
conditions or acute complications, and psychosocial stressors related to the COVID-19
pandemic (e.g., patient isolation, bereavement). Their exclusion may have limited the
model’s ability to fully capture the multifactorial nature of delirium in critically ill patients.
Finally, although the best-performing model in this study achieved moderate predictive
performance (AUC = 0.717), its practical strength lies in providing early risk stratification at
ICU admission—a time point when preventive interventions for delirium are still feasible.
Nonetheless, refinement and validation are required to broaden the applicability of the
proposed model. This limitation partly reflects the inherent complexity of delirium, which
involves multiple interacting risk factors that are difficult to fully capture at a single time
point. Pharmacologic confounding factors, particularly sedatives, analgesics, and laxatives,
add further noise to the prediction process.

Overall, these limitations highlight the need for ongoing refinement and validation to
optimize early risk stratification strategies in the ICU.

4.9. Future Research

As demonstrated in the present study, admission-based static models can already offer
clinically valuable risk stratification at a time point when preventive measures are still
feasible. Nonetheless, future research should focus on enhancing model accuracy while
preserving clinical interpretability and feasibility. One promising direction involves the
integration of dynamic, time-dependent data—such as evolving physiological markers and
laboratory parameters—to better capture the fluctuating nature and temporal progression
of delirium. Sequential modelling approaches, including LSTM and transformer-based
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networks, may improve predictive performance in this context, particularly when combined
with longitudinal data that better reflect the multifactorial nature of delirium.

Additionally, external validation in broader and more diverse ICU populations—including
non-COVID cohorts and surgical or neurological patients—is essential for confirming the
generalizability of the proposed model. Including missing predictors such as APACHE II
scores, prior cognitive impairment, and pain management may also improve future model
performance. In future iterations, incorporating variable correlation analysis may further
improve model performance by reducing multicollinearity and overfitting.

Beyond predictive accuracy, efforts should focus on seamless clinical integration.
Embedding delirium risk models in EHR systems, paired with explainable AI tools, could
facilitate real-time decision support for ICU clinicians. Finally, further investigations into
novel predictors, such as gut–brain axis biomarkers and pharmacologic exposure patterns,
may uncover new targets for early intervention and prevention strategies.

5. Conclusions
This study developed ML models for delirium prediction among critically ill patients

with SARS-CoV-2 infection using demographic, clinical, and laboratory data collected at
ICU admission. Among the five models developed, the Naïve Bayes algorithm demon-
strated the most favorable trade-off between predictive performance and interpretability,
achieving an AUC of 0.717, and supporting its potential application for early risk stratifica-
tion in real-world critical care settings.

The identification of established predictors—including IMV, deep sedation with benzo-
diazepines, SARS-CoV-2 infection as the reason for ICU admission, ECMO use, constipation,
and male sex—reinforces the multifactorial nature of delirium, spanning respiratory, hemo-
dynamic, neurochemical, and gastrointestinal factors, and reflects the complex systemic
pathophysiology underlying ICU delirium while highlighting potential pathways for early
and targeted intervention.

Although the best-performing model achieved moderate performance, its clinical
applicability, ease of implementation, and reliance on routinely available data make it
a promising tool for integration into EHR-based clinical decision-support systems. Never-
theless, future work should focus on external validation across diverse ICU settings and
the inclusion of dynamic or biomarker-based predictors to enhance generalizability and
optimize predictive accuracy.
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