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Abstract

Objective: Delirium is commonly reported from the inpatients with Coronavirus disease 2019 (COVID-19) infection. As delirium is
closely associated with adverse clinical outcomes, prediction and prevention of delirium is critical. We developed a machine learn-
ing (ML) model to predict delirium in hospitalized patients with COVID-19 and to identify modifiable factors to prevent delirium.

Methods: The data set (n= 878) from four medical centers was constructed. Total of 78 predictors were included such as
demographic characteristics, vital signs, laboratory results and medication, and the primary outcome was delirium occur-
rence during hospitalization. For analysis, the extreme gradient boosting (XGBoost) algorithm was applied, and the most
influential factors were selected by recursive feature elimination. Among the indicators of performance for ML model,
the area under the curve of the receiver operating characteristic (AUROC) curve was selected as the evaluation metric.

Results: Regarding the performance of developed delirium prediction model, the accuracy, precision, recall, F1 score, and
the AUROC were calculated (0.944, 0.581, 0.421, 0.485, 0.873, respectively). The influential factors of delirium in this model
included were mechanical ventilation, medication (antipsychotics, sedatives, ambroxol, piperacillin/tazobactam, acetamino-
phen, ceftriaxone, and propacetamol), and sodium ion concentration (all p < 0.05).

Conclusions: We developed and internally validated an ML model to predict delirium in COVID-19 inpatients. The model iden-
tified modifiable factors associated with the development of delirium and could be clinically useful for the prediction and
prevention of delirium in COVID-19 inpatients.
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Introduction
Delirium is a neuropsychiatric condition characterized by
altered cognition, agitation, and hallucinations, and it is fre-
quently reported in patients with Coronavirus disease 2019
(COVID-19), with prevalence ranging from 10% to 70%.1–
4 Amplified inflammatory immune response, hypometabo-
lism in the cerebral cortex, and restricted environment are
considered possible causes of delirium in COVID-19
patients.5–7 As delirium is associated with poor clinical out-
comes, including long hospital stays, high medical costs,
dementia, and death8,9 in critically ill patients, and a signifi-
cant association has been found between delirium and mor-
tality in patients with COVID-19,10 predicting high-risk
patients and identifying related factors are crucial for pre-
vention and early intervention. In fact, active preventive
interventions can reduce the occurrence of delirium and
related poor outcomes, including mortality.11 Most of the
known risk factors for delirium, including age, comorbid-
ities, and smoking and drinking history, are not modifiable,
and factors such as sedation and mechanical ventilation
cannot be avoided during the course of treatment.12–14

Rather, medication-related factors offer a potential preven-
tion strategy through drug adjustments or substitutions.

A significant association has been found between delir-
ium and certain types of medications in patients with
COVID-19, including antipsychotics, benzodiazepines,
and opioids.13 Despite these findings, few studies have
investigated medication as a risk factor for delirium.
Machine learning (ML) techniques have emerged as an
effective tool in healthcare for predicting disease incidence
and prognosis based on patterns identified in extensive clin-
ical datasets comprising electronic health records (EHRs).15

Recently, ML algorithms developed to predict neuropsychi-
atric outcomes successfully predicted delirium and identified
associated risk factors.16,17While currentMLmodels for delir-
ium provide some utility, their reliability is found lacking, par-
ticularly in disease-specific cases like COVID-19.18,19 A
recent study developed and validated a prediction model for
delirium in COVID-19 patients20; yet the model does not
suggest prevention measures. The COVID-19 pandemic has
amplified the consequences of delirium, making the delivery
of delirium-reducing interventions more challenging due to
infection control precautions and resource conservation
efforts, ML-based model could facilitate prediction of delirium
and classification of high-risk patients, saving resources of
healthcare professionals.21

We argue for the development of a COVID-19-specific
ML model, that not only predicts delirium and classifies
high-risk patients, but also identifies modifiable factors
like medication for prevention. In this retrospective study,
our focus is the development of such an ML model, target-
ing medication, especially psychotropic drugs and
COVID-19 treatment agents, as modifiable influential

factors for delirium.18,19 The aim of this study is to leverage
individual patient EHRs to predict delirium and classify
high-risk patients, thereby optimizing healthcare resources.
Our hypothesis suggests that this targeted, ML-based pre-
diction model could be implemented in other medical insti-
tutions to enhance patient care.

Methods

Study population

This retrospective study included adults diagnosed with
COVID-19 admitted to one of four medical centers in the
Republic of Korea from January 2020 to August 2021.
The data set was comprised of inpatients from four
medical centers (Seoul National University Bundang
Hospital, Seoul National University Hospital, National
Medical Center, and Seoul Medical Center). COVID-19
was diagnosed based on positive polymerase chain reaction
results and all patients were isolated in negative pressure
units of each medical center for treatment. Patients with a
previous diagnosis of dementia or cognitive impairment
were excluded. The study protocol was approved by the
institutional review board of each medical center and the
requirement for informed consent was waived.

Procedures

As part of the routine clinical protocol in all hospitals oper-
ating COVID-19 isolation wards, clinical, radiological, and
laboratory tests were performed on the first day of admis-
sion for all COVID-19 inpatients, for the purpose of clinical
evaluation and determining treatment plans. These data
were retrospectively obtained from medical charts of each
medical center and included laboratory data, chest X-ray,
and chest computed tomography (CT) findings. The
obtained data was all from the admission date of each
patient, and these were used as indicators of illness of sever-
ity reflecting conditions such as pneumonia or sepsis. Chest
X-ray and CT findings were categorized using a ternary
coding system, as follows: 0, normal findings (no active
lesions in the lungs); 1, moderate problems (mild patchy
opacity or haziness in both lungs); and 2, severe problems
(multifocal patchy consolidation or patchy opacities in
both lungs). The primary outcome was the onset of delirium
during hospitalization. All patients hospitalized at each
medical center were routinely evaluated by board-certified
psychiatrists (HuP, HoP, SNK, SHL). As members of the
Liaison team, psychiatric staffs were assigned to
COVID-19 isolation units at each center, and all admitted
patients were evaluated through tele-monitoring and
phone calls. Delirium evaluation was conducted using the
confusion assessment method (CAM), and delirium was
diagnosed based on the established criteria of the
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Table 1. Significant differences in clinical characteristics between delirium group and non-delirium group.

Variable Delirium (n= 57) Non-delirium (n= 821) p-value

Age, yrs (SD) 66.6 (12.3) 54.1 (16.4) <.001***

CCI, score (SD) 1.0 (1.0) 0.7 (1.0) .007**

Vital signs

Respiratory rate, breaths/min (SD) 22.8 (5.7) 20.5 (6.1) .006**

Complete blood cell count

WBC, 103/㎕ (SD) 9.9 (7.8) 6.3 (11.2) .018*

Comprehensive metabolic panel

Albumin, g/dL (SD) 3.6 (0.6) 4.0 (0.6) <.001***

BUN, mg/dL (SD) 20.4 (9.8) 15.2 (11.7) .001**

eGFR, score (SD) 83.1 (30.7) 98.9 (28.6) <.001***

Sodium, mmol/L (SD) 135.2 (5.6) 137.3 (4.0) .006**

Calcium, mg/dL (SD)) 8.4 (0.7) 8.6 (0.6) .005**

Invasive treatments

ECMO, n (%) 14 (24.6) 14 (1.7) <.001***

Mechanical ventilator, n (%) 28 (49.1) 54 (6.6) <.001***

Intravenous catheter, n (%) 55 (96.5) 586 (71.5) <.001***

Psychotropic medications

Opioids, n (%) 26 (45.6) 76 (9.3) <.001***

Sedatives, n (%) 34 (59.6) 82 (10.0) <.001***

Antipsychotics, n (%) 38 (66.7) 36 (4.4) <.001***

Antidepressants, n (%) 9 (15.8) 29 (3.5) <.001***

Antiepileptics, n (%) 10 (17.5) 5 (0.6) <.001***

Cholinergics, n (%) 13 (22.8) 6 (0.7) <.001***

COVID-19 medications

Remdesivir, n (%) 28 (49.1) 291 (35.4) .038*

valACYclovir, n (%) 4 (7.0) 2 (0.2) <.001***

Acetaminophen, n (%) 36 (63.2) 652 (79.4) .004**

Tramadol, n (%) 19 (33.3) 85 (10.4) <.001***

(continued)
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Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition (DSM-5).22 To screen for delirium using
CAM, it was conducted as a routine clinical practice
under the supervision of the psychiatric consultation team
and evaluated daily by the medical staff responsible for
the isolation ward. Patients who were in deep sedation
state or unable to be evaluated were excluded.

Variables

Initially, 93 variables were selected as influential factors based
on findings of previous studies.14 Variables with missing data
in >15% of patients were excluded, these variables were either
factors with decreased clinical importance or overlapping

clinical implications (such as the bed number in the ward,
the type of alcohol predominantly consumed, family history
of psychiatric diseases), or were related to outcomes of delir-
ium (such as mortality). The remained 78 variables in the final
analysis included demographic characteristics (age and sex),
type of insurance, presence or absence of windows in the iso-
lation room, comorbidities (assessed using the Charlson
Comorbidity Index), smoking and alcohol drinking status,
vital signs, mechanical ventilation, and medication received
during entire hospitalization. Medications were divided into
two categories: those known to be associated with delirium
onset, including opioids, sedatives, antipsychotics, antidepres-
sants, antiepileptics, cholinergics, and anticholinergics,18,19

and those administered to treat COVID-19 or

Table 1. Continued.

Variable Delirium (n= 57) Non-delirium (n= 821) p-value

Propacetamol, n (%) 37 (64.9) 228 (27.8) <.001***

Dexamethasone, n (%) 42 (73.7) 363 (44.2) <.001***

Hydrocortisone sodium succinate, n (%) 5 (8.8) 20 (2.4) .019*

Prednisolone, n (%) 20 (35.1) 180 (21.9) .022*

Ambroxol, n (%) 29 (50.9) 88 (10.7) <.001***

Codaewon forte, n (%) 13 (22.8) 62 (7.6) .001**

Ivy leaf ext., n (%) 18 (31.6) 410 (49.9) .007**

Metronidazole, n (%) 4 (7.0) 11 (1.3) .013*

Ceftriaxone, n (%) 20 (35.1) 79 (9.6) <.001***

Sulfamethoxazol trimethop, n (%) 18 (31.6) 30 (3.7) <.001***

Itraconazole, n (%) 3 (5.3) 3 (0.4) .005**

Piperacillin tazobactam, n (%) 31 (54.4) 130 (15.8) <.001***

Amikacin, n (%) 3 (5.3) 9 (1.1) .038*

Vancomycin, n (%) 15 (26.3) 19 (2.3) <.001***

Ciprofloxacin, n (%) 8 (14.0) 15 (1.8) <.001***

Levofloxacin, n (%) 9 (15.8) 38 (4.6) .002**

Moxifloxacin, n (%) 5 (8.8) 182 (22.2) .017*

Clinical outcomes

Hospital stay, days (SD) 40.1 (41.3) 13.0 (9.3) <.001***

CCI, Charlson comorbidity index; BMI, body mass index; ECMO, extracorporeal membrane oxygenation.
*p < 0.05, **p < 0.01, ***p < 0.001.
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COVID-19-related symptoms, including antivirals, antibiotics,
anti-inflammatory medications, steroids, mucolytics, and
expectorants. The medications for COVID-19-related symp-
toms are shown in Supplementary Table 1.

Statistical analyses

Statistical analyses were performed using R software (R
Core Team, Vienna, Austria). Extreme gradient boosting
(XGBoost) is an ML-based gradient boosting model that
combines weak classifiers to form a strong classifier. The
ML model was designed using Python 3.7. XGBoost is a
gradient boosting model based on ML that employs a
series of decision trees, with each tree correcting the resi-
duals of its predecessors. To determine the need for add-
itional tree branching, accuracy and complexity scores are
measured.23 Also, we referenced key results from the

logistic regression analysis for each variable
(Supplementary Table 2). As a result, XGBoost has
emerged as a powerful ML technique that learns quickly
while preventing overfitting. A built-in GBM algorithm
was used to impute missing values. The dataset was ran-
domly divided into two subgroups for model development:
a training group (n= 615, 70%) and a validation group (n=
263, 30%). We employed two feature selection methods,
sequential feature selection and forward elimination. The
78 candidate variables were classified as either categorical
or continuous variables. For each variable subgroup, a
stratified fivefold cross-validation was applied to the train-
ing group as part of the feature selection process. The
final model included the top three variables identified by
the algorithm. In each variable subgroup, the 4th, 5th, and
6th ranked variables suggested by the algorithm were
assessed alongside six preselected variables. The variable

Table 2. Selected features and odds ratio in training set and validation set.

Set Variable Odds ratio (95% confidence interval) p-value

Training set (n= 615) Mechanical ventilation 13.62 (7.26–25.66) <.001***

Sedatives 13.25 (7.20–24.80) <.001***

Antipsychotics 43.04 (21.84–87.67) <.001***

Acetaminophen 0.44 (0.25–0.82) .007**

Propacetamol 4.80 (8.93–2.65) <.001***

Ambroxol 8.59 (4.70–15.76) <.001***

Ceftriaxone 5.06 (2.65–9.46) <.001***

Piperacillin/tazobactam 6.32 (3.50–11.48) <.001***

Sodium ion, mmol/L 0.88 (0.81–0.95) <.001***

Validation set (n= 263) Mechanical ventilation 12.96 (7.71–21.88) <.001***

Sedatives 12.28 (7.42–20.60) <.001***

Antipsychotics 48.22 (27.07–88.28) <.001***

Acetaminophen 0.46 (0.28–0.76) 0.002**

Propacetamol 5.17 (3.16–8.60) <.001***

Ambroxol 7.78 (4.74–12.80) <.001***

Ceftriaxone 5.78 (3.44–9.63) <.001***

Piperacillin/tazobactam 6.80 (4.17–11.15) <.001***

Sodium ion, mmol/L 0.82 (0.76–0.97) <.001***

*p < 0.05, **p < 0.01, ***p < 0.001.
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that optimized internal validation performance was incorpo-
rated into the final model, which comprised a total of 10
variables. Candidate evaluation metrics included accuracy,
precision, recall, and F1 score, which were calculated using
the Scikit-learn library in Python. The 95% confidence
intervals (CIs) of evaluation metrics were also defined
using the mean and standard deviation of stratified fivefold
cross-validation scores in the training set and the 1000
scores from bootstrapping in the validation set.
Ultimately, the area under the curve (AUC) of the receiver
operating characteristic (ROC) curve was chosen as the
evaluation metric due to its widespread use in ML research.
We employed the Youden index to select an optimal thresh-
old on the ROC curve, enhancing model performance by
balancing sensitivity and specificity. This selection, while
independent of the AUROC metric, ensures practical

applicability and effectiveness of the model beyond its
overall discriminatory power. Referring to previous
studies utilizing similar ML modeling24 and literature on
sample size for ML modeling research,25 it was determined
that a minimum of 560 samples would be required to con-
struct the predictive model with 10 key variables.

Results
Total of 878 patients, 57 (6.5%) of whom had delirium
(Table 1). Of the 78 predictor variables, nine key input vari-
ables selected by recursive feature elimination were
included in the model: mechanical ventilation, medication
(sedatives, antipsychotics, ambroxol, piperacillin/tazobac-
tam, acetaminophen, ceftriaxone, and propacetamol), and
sodium ion concentration (Table 2). The feature importance

Figure 1. Feature importance plot of the machine learning model with 95% confidence interval reported as error bars.

Figure 2. The AUROC of the training set (a) and validation set (b) AUROC, area under the receiver operating characteristic.
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plot for the gradient boost model and the CIs expressed as
error bars are shown in Figure 1. The CIs of the feature
importance were defined using the mean and standard devi-
ation of stratified fivefold cross-validation scores. The
stratified fivefold AUC was 0.873 (CI= 0.830–0.917) of
the trained model (Figure 2(a)). The optimal ROC threshold
for the final model was 0.5, and the sensitivity and specifi-
city were 42.1% and 98.1%, respectively. In the validation
set, the AUC was 0.842 (CI= 0.752–0.928; Figure 2(b)),
and the sensitivity and specificity were 70.6% and 97.7%,
respectively. Other evaluation metrics of models are
shown in Table 3. The calibration plot and histogram
showed favorable results that the predicted probabilities
were close to observed delirium (Figure 3).

Discussion
Compared with a recent meta-analysis that reported a 24.3%
of pooled prevalence rate for delirium in COVID-19
patients,26 the rate was considerably lower than expected in
our study, at 6.5%. This low prevalence could be attributed
to the clinical setting of treating COVID-19 patients in
South Korea, especially during the early stages of the pan-
demic. All patients with COVID-19 infection were hospita-
lized in medical centers regardless of the severity of illness,
meaning that the majority of inpatients had mild symptoms.
Indeed, the spectrum of clinical manifestations due to
COVID-19 infection is quite varied. Another possible explan-
ation for this discrepancy is that the previous studies mostly
included elderly patients, whereas we included adults of all

ages. The exclusion of patients diagnosed with dementia
may also have contributed to the low incidence of delirium
in our study. Dementia is a well-known risk factor for delir-
ium; thus, the exclusion of these patients may have reduced
the incidence of delirium and biased our sample. As dementia
and delirium have overlapping symptoms, including memory
problems and disorientation,27 differential diagnosis can be
challenging, particularly in retrospective review studies.
Prospective studies are needed to clarify the effects of demen-
tia on the likelihood of delirium in patients with COVID-19.

We constructed an ML algorithm-based model to predict
delirium using the EHR data of inpatients diagnosed with
COVID-19. Among various ML models including decision
tree, random forest, and logistic regression, we chose
XGBoost due to its superior and stable performance with
changing variables. XGBoost, a decision-tree-based ensem-
ble model leveraging a gradient boosting framework,
appears to overcome limitations of previous models, and
many prior ML studies employing XGBoost have demon-
strated good performance.28,29 We selected nine input vari-
ables for the predicting model, including mechanical
ventilation, sodium ion concentration, and the use of
various psychotropic drugs and medications to treat
COVID-19 symptoms. The AUC of the model was 0.873,
and this model was internally validated (AUC= 0.842).
ML algorithms learn patterns from data to make inferences
and predict outcomes. These types of predictive models are
considered to be useful especially when large datasets or
several complex predictors are involved.30 ML-based
models also can accommodate missing data using advanced

Table 3. Various evaluation metrics for the machine learning model. Each metric is the mean value with 95% confidence interval.

Set Accuracy (95% CI) Precision (95% CI) Recall (95% CI) F1-score (95% CI) AUC (95% CI)

Training set 0.944 (0.930–0.958) 0.581 (0.412–0.750) 0.421 (0.270–0.573) 0.485 (0.326–0.643) 0.873 (0.830–0.917)

Validation set 0.941 (0.911–0.970) 0.828 (0.667–0.969) 0.706 (0.524–0.875) 0.758 (0.609–0.882) 0.842 (0.752–0.928)

CI, confidence interval; AUC, area under the curve.

Figure 3. The calibration plot (a) and histogram (b) of the machine learning model.
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techniques such as the XGBoost algorithm.23,24 In spite of
these strengths, ML-based predictive models still have
some limitations. This model was developed based on
data collected from four independent institutions using the
same protocol during the COVID-19 pandemic at the
same point in time. This aspect enhances its performance
and generalizability for clinical use across various
medical settings. Our model intends to automatically calcu-
late their risk of developing delirium during hospitalization
by using each patient’s medical information. Furthermore,
this model predicts individual risk for delirium to identify
high-risk patients who should be prioritized for healthcare
resources, and it also suggests factors that can be adjusted
to reduce the risk within a few hours of admission, i.e.
after EHRs are obtained.24

Our delirium prediction model revealed several influential
factors for delirium in patients with COVID-19, some of
which can be modified. The identification of possible factors
that can be used in a delirium prevention protocol is the
major strength of our study. Normalizing sodium concentration
can be beneficial, and previous research has also shown that
electrolyte abnormalities, including hyponatremia, are known
risk factors for delirium.31 However, the impact of each medi-
cation on delirium is complex, as it may act as both a risk factor
and a protective factor, mediated by the improvement of under-
lying conditions. Therefore, we did not categorize variables as
either risk or protective factors during the learning process of
the model. Instead, we examined the overall effect of each vari-
able, and some were found to increase delirium while others
decreased it. We found that psychotropic medications, includ-
ing antipsychotics and sedatives are associated with the onset
of delirium in COVID-19 inpatients. Benzodiazepines (e.g.
alprazolam, lorazepam, and midazolam) are sedatives asso-
ciated with sleep problems and anxiety in intensive care unit
patients, which consequently makes them vulnerable to delir-
ium.32,33 In addition to the pharmacological effects of seda-
tives, these medications may be administered to severely ill
COVID-19 patients more prone to delirium than those with
milder disease. Antipsychotics are frequently used to treat the
symptoms of delirium because they are highly effective for agi-
tation in delirium34; however, a recent cohort study found that
use of antipsychotics was associated with a higher risk of delir-
ium in patients with COVID-19.13 Indeed, the challenge of
classifying antipsychotic use as either a predictor or part of
delirium management cannot be easily addressed by consider-
ing antipsychotic use solely before delirium onset. In instances
of subsyndromal delirium, antipsychotics are often prescribed
even when symptoms do not meet the severity criteria for a
delirium diagnosis.35 This issue could be better addressed
through a prospective study that includes daily screening of
delirium symptoms.

A considerable number of medications related to
COVID-19 are already known to be associated with delir-
ium, having been previously used for other infectious dis-
eases or respiratory conditions.5 Although antibiotics such

as ceftriaxone and piperacillin/tazobactam also contribute
to delirium,36 the association between these medications
and delirium may depend more on the severity of the
patient’s condition than the direct actions of the drugs.
Nevertheless, our analysis adjusted for the effects of
illness severity by controlling variables such as mechanical
ventilation, radiological findings, and vital signs, implying
that medications positively associated with delirium are
targets for preventative interventions. Moreover, antibiotics
were generally not administered alone. As interactions
between multiple drugs or a high prevalence of comorbid-
ities that require multiple medications are risk factors for
delirium,37 our finding of an association between antibiotic
use and delirium suggests that modifying these medications
could aid the management of delirium. Acetaminophen was
associated with a lower risk of delirium in this study. It has
been recommended for managing fever of pain in
COVID-19 patients,38 this effect for fever and pain could
be associated with a reduced risk of delirium. In contrast,
propacetamol was associated with an increased risk of delir-
ium. Such contradictory results may not only be due to the
influence of the drug itself but also relate to the complex
state of the patients. For instance, propacetamol is primarily
administered as an intravenous formulation to more severe
patients who cannot take oral medication. Although we
adjusted for other variables such as patient severity, there is
a possibility that these patient factors contributed to these
results. Therefore, the actual clinical association between acet-
aminophen and delirium could be more complex and contrib-
ute differently depending on the patient’s condition.39

Ambroxol is primarily a mucolytic drug acting on the respira-
tory system, with little known about its central nervous system
effects. However, literatures suggest that ambroxol’s anti-
inflammatory potency and its modulation effects on sodium
channels can influence neurotransmission and neuronal degen-
eration.40 Therefore, it is worthwhile to further explore the
potential relations of acetaminophen and ambroxol with delir-
ium in future studies.

Our study had several limitations. Despite our attempts to
overcome the limitations imposed by the small sample size
and the low incidence of delirium, concerns regarding sensitiv-
ity, positive predictive value, and overfitting persist. Due to the
study’s modest sample size and lower-than-expected preva-
lence, external validation was not feasible, which necessitates
future validation efforts with larger, independent cohorts. A
second limitation of our study was that we were unable to
establish causality between factors associated with delirium
and the incidence thereof. Although we concluded that modi-
fiable factors, such as certain psychotropic drugs and
COVID-19 medications, are closely related to the develop-
ment of delirium, our findings are not sufficient to definitively
prove that modification of these factors will reduce the likeli-
hood of delirium. Randomized controlled trials or studies with
detailed pre-admission medication data are required to deter-
mine causal relationships between modifiable medication
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factors and delirium incidence. Third, given the study’s focus
on medication impact, other variables were measured on
admission day, while medication use spanned the entire hos-
pital stay. This approach may introduce bias, so caution is
advised when interpreting the results. The last limitation
includes the use of retrospective data for the ML-based delir-
ium model, potentially introducing bias as robust risk factors
like dementia and frailty were omitted due to isolation admis-
sion circumstances. Future prospective studies are necessary
to minimize bias and maximize predictive power.

Conclusion
We constructed a ML model to predict the development of
delirium in hospitalized patients with COVID-19. The
model included nine primary variables including modifiable
factors as various psychotropic medications and drugs tar-
geting COVID-19 symptoms. In this study, we presented
a model for predicting delirium in patients experiencing
exceptional circumstances, such as isolation during unexpected
events like the COVID-19 pandemic. Clinically, such models
enable the individual risk prediction of hospitalized patients,
allowing for a more concentrated allocation of medical
resources to high-risk patients. Moreover, the influential
factors presented in this study can serve as the basis for subse-
quent research related to prevention. While additional refine-
ments may be necessary, ML-based models have the
advantage of continuous performance enhancement as more
data is gathered. Further, despite the decline in COVID-19
prevalence, the potential for sudden outbreaks of new isolation-
requiring diseases like Middle East respiratory syndrome cor-
onavirus or severe acute respiratory syndrome-associated cor-
onavirus persists, underscoring the importance of strategies
for predicting and preventing delirium in high-risk groups.
Although excluded from the key features of the final
model, this study incorporated specific variables related to
COVID-19 isolation treatment that were not addressed in
previous studies. For example, we included factors such as
the presence of windows in the patient’s room, access to
medical care, and the presence of remote contact with care-
givers. Therefore, studies on relevant evidence remain vital
and can be extended to delirium prevention in other isolation-
required respiratory infections, such as tuberculosis.
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