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ORIGINAL CLINICAL REPORT

Machine Learning Accurately Predicts Need for 
Critical Care Support in Patients Admitted to 
Hospital for Community-Acquired Pneumonia
OBJECTIVES: Hospitalized community-acquired pneumonia (CAP) patients are 
admitted for ventilation, vasopressors, and renal replacement therapy (RRT). This 
study aimed to develop a machine learning (ML) model that predicts the need for 
such interventions and compare its accuracy to that of logistic regression (LR).

DESIGN: This retrospective observational study trained separate models using 
random-forest classifier (RFC), support vector machines (SVMs), Extreme 
Gradient Boosting (XGBoost), and multilayer perceptron (MLP) to predict three 
endpoints: eventual use of invasive ventilation, vasopressors, and RRT during 
hospitalization. RFC-based models were overall most accurate in a derivation 
COVID-19 CAP cohort and were validated in one COVID-19 CAP and two non-
COVID-19 CAP cohorts.

SETTING: This study is part of the Community-Acquired Pneumonia: Toward 
InnoVAtive Treatment (CAPTIVATE) Research program.

PATIENTS: Two thousand four hundred twenty COVID-19 and 1909 non-
COVID-19 CAP patients over 18 years old hospitalized and not needing invasive 
ventilation, vasopressors, and RRT on the day of admission were included.

INTERVENTIONS: None.

MEASUREMENTS AND MAIN RESULTS: Performance was evaluated with area 
under the receiver operating characteristic curve (AUROC) and accuracy. RFCs per-
formed better than XGBoost, SVM, and MLP models. For comparison, we evaluated 
LR models in the same cohorts. AUROC was very high ranging from 0.74 to 0.95 
in predicting ventilation, vasopressors, and RRT use in our derivation and validation 
cohorts. ML used and variables such as Fio2, Glasgow Coma Scale, and mean arterial 
pressure to predict ventilator, vasopressor use, creatinine, and potassium to predict 
RRT use. LR was less accurate than ML, with AUROC ranging 0.66 to 0.8.

CONCLUSIONS: A ML algorithm more accurately predicts need of invasive ven-
tilation, vasopressors, or RRT in hospitalized non-COVID-19 CAP and COVID-19 
patients than regression models and could augment clinician judgment for triage 
and care of hospitalized CAP patients.

KEYWORDS: community-acquired pneumonia; COVID-19; machine learning; 
renal replacement therapy; vasopressors; ventilation

Community-acquired pneumonia (CAP) causes 4 million deaths/yr (7% 
of global deaths). Severely ill patients are admitted to hospital for ox-
ygen, IV antibiotics, adjunctive care (e.g., corticosteroids [1]), ventila-

tion, vasopressors, and renal replacement therapy (RRT) (2).
Usually, it is clear when ICU admission is needed. However, many noncriti-

cally ill patients are admitted to a ward but later deteriorate and require urgent 
resuscitation and ICU admission. Deterioration may be rapid and unpredictable.
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Prior studies identified predictors of deterioration 
(3–12) in COVID-19 CAP and non-COVID-19 CAP 
but are not in clinical use. Furthermore, the enormous 
amount of clinical and laboratory data makes it difficult 
for the human mind to predict critical care interven-
tions. We reasoned that machine learning, a so-called 
artificial intelligence clinician, could accurately predict 
need for invasive ventilation, vasopressors, and RRT in 
CAP patients who are admitted to wards.

Accordingly, our hypothesis was that machine 
learning predicts later (i.e., after the day of admission) 
need for invasive ventilation, vasopressors, and RRT 
in patients hospitalized for CAP who do not need in-
vasive ventilation, vasopressors, and RRT on the day 
of admission. We tested this hypothesis in: 1) deriva-
tion in acute COVID-19 CAP, 2) validation in acute 
COVID-19 CAP, and 3) additional validation in acute 
non-COVID-19 CAP. For comparison, we compared 
machine learning results with logistic regression mod-
els in the same cohorts.

METHODS

This is an observational study nested within the 
Community-Acquired Pneumonia: Toward InnoVAtive 

Treatment (CAPTIVATE) Research program—a multi-
center, pan-Canadian cohort study of hospitalized patients 
older than 18 years old with acute CAP (13–19). In this 
nested observational study, we included patients enrolled 
between March 2018 and December 2023 in 16 Canadian 
hospitals.

Ethics

This study was approved by the Providence Health 
Care and University of British Columbia Human 
Research Committee (Approval number H20-00600) 
and by each of the contributing clinical sites on 
March 5, 2020. Anonymized clinical data and use 
of discarded plasma from clinical blood tests were 
deemed low risk and informed consent was deemed 
not necessary for this research. The ethics committee 
study title is Angiotensin Receptor Blockers Corona 
(ARBs CORONA). This study was approved by the 
institutional review board of each participating site 
(Supplement Table 15, https://links.lww.com/CCX/
B512). All the sites in France are approved via the ap-
proval for Dr. Asfar at Angers as coordinating site for 
France. Procedures were followed in accordance with 
the Helsinki Declaration of 1975.

Inclusion and Exclusion Criteria

COVID-19 Patients. Inclusion criteria were individu-
als over 18 years old with confirmed COVID-19 in-
fection by local hospital or provincial laboratories 
clinically approved laboratory severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2) testing who 
were admitted to hospital for acute COVID-19. Acute 
COVID-19 was defined based on best evidence at the 
time (20–24) and site investigators judged that the 
admitting illness was consistent with a clinical presen-
tation of acute COVID-19. We excluded acute COVID-
19 readmissions, emergency department admissions 
without hospitalization, and those admitted to hospital 
with positive SARS-CoV-2 test but whose acute illness 
was not due to acute COVID-19.

The definition of CAP was defined prospectively 
in the protocol and was followed by each site. There 
was a training period when the coordinating center 
reviewed with each site the first two to three cases 
to be sure inclusion and exclusion criteria and key 
variables were recorded accurately and consistently. 
In addition, the coordinating center adjudicated and 

 
KEY POINTS

Question: Can machine learning (ML) accurately 
predict eventual need for ventilation, vasopressor, 
and renal replacement therapy in hospitalized 
COVID-19 and non-COVID-19 community-
acquired pneumonia (CAP) patients on day of 
admission?

Findings: In this retrospective observational study, 
a random-forest classifier outperforms regression 
models in predicting eventual need for critical care 
intervention in hospitalized COVID-19 and CAP 
patients. Area under the receiver operating char-
acteristic curve was very high (0.74–0.95) in pre-
dicting these interventions across both derivation 
and validation cohorts.

Meanings: An ML algorithm accurately predicts 
need for critical care intervention in hospitalized 
CAP and COVID-19 patients and could augment 
clinician judgment for triage and care of hospital-
ized CAP patients.
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reviewed each case as reported in the e-Case Report 
Form and validated that inclusion and exclusion were 
appropriate.

Non-COVID-19 CAP Patients. Non-COVID-19 
CAP patients were included if they were admitted to 
the hospital for acute non-COVID-19 CAP and were 
older than 18 years old and had: one of fever, chills, 
leukocytosis, and leukopenia; one of: cough, sputum, 
and dyspnea; and new infiltrates on chest radiograph 
consistent with CAP. Acute non-COVID-19 CAP read-
missions and emergency department visits without 
hospitalization were excluded.

Baseline Characteristics

Baseline characteristics included age, sex, and under-
lying comorbidities; vital signs (heart rate, respiratory 
rate, temperature, blood pressure, arterial oxygen satu-
ration [Sao2]); laboratory evaluation of organ function 
(serum creatinine, alanine transaminase, aspartate 
transaminase [AST], bilirubin, platelet count, WBC 
count, Glasgow Coma Scale [GCS] score); and use of 
vasopressors, invasive ventilation, and RRT.

Acute COVID-19 severity was based on a modified 
version of the Coronavirus Clinical Characterisation 
Consortium (4C) Mortality Score (25): age, sex, 
comorbidities, respiratory rate, oxygen saturation, 
GCS, and urea and C-reactive protein. GCS and 
C-reactive protein were excluded from our calculation 
of a modified 4C Mortality Score because data were 
not consistently captured for GCS and not at all for 
C-reactive protein. Definition of comorbidities were 
as predefined in CAPTIVATE (26) rather than by the 
Charlson Comorbidity Index. Urea was not captured 
in CAPTIVATE so serum creatinine level was used to 
measure renal function as follows: normal: less than 
110 μmol/L; moderate: 110–220 μmol/L; and more 
than moderate: greater than 220 μmol/L.

Outcomes

The co-primary outcomes were use of invasive mechan-
ical ventilation, vasopressors, and RRT after the day of 
admission at any later time during hospitalization.

Data Sources

Patients were identified prospectively at the sites 
and data were collected by CAPTIVATE Research 

Coordinators on electronic Case Report Forms. 
Baseline data was data within 24 hours of admission. 
Quebec sites were unable to recruit patents in wave 3 
due to research coordinator shortages. Random sam-
ples of 15% of the records were reviewed for accuracy 
by the data monitoring team. There were few concerns 
regarding the quality of data and any missing data was 
requested and included in the database.

Statistical Analyses

No formal sample size calculation was performed as 
this was a substudy of ARBs CORONA I. The initial 
planned sample size of ARBs CORONA I was 497 (27); 
enrollment was later continued in this open cohort as 
research funding increased. Baseline characteristics 
were compared using chi-square test, Fisher exact 
test (when > 20% of cells have expected cell counts < 
5 or any expected cell count is < 1), analysis of vari-
ance, or Kruskal-Wallis test. Analyses were conducted 
in Python using scikit-learn for metrics, pandas for 
correlations, and scipy/statsmodels for statistical tests. 
Figures were generated with Microsoft Excel (Microsoft 
Corporation, Redmond, WA) and Matplotlib (28).

Machine Learning: Prediction Endpoints and 
Cohorts

Machine learning models were trained to predict the 
need for vasopressor, ventilator, and RRT after hos-
pital admission (day 0) in each cohort. We used a der-
ivation cohort of COVID-19 patients (n = 1210) and 
three validation cohorts: a second COVID-19 cohort 
(n = 1210) and two non-COVID-19 CAP cohorts  
(n = 1184, n = 725) (Supplement Table 1, https://links.
lww.com/CCX/B512). The derivation cohort included 
the first 1210 COVID-19 patients, while the COVID-
19 validation cohort comprised 1210 patients that were 
subsequently enrolled. The two non-COVID-19 CAP 
cohorts were similarly non-COVID-19 CAP patients 
enrolled early and later.

Data Preprocessing

Data preprocessing included column and row pro-
cessing, imputation, normalization, class balancing, 
feature selection, and feature engineering (Supplement 
Fig. 1 and Supplement Text File, https://links.lww.
com/CCX/B512).

https://links.lww.com/CCX/B512
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Feature Selection. We removed text-based, nonmed-
ical (e.g., patient identification), sparse (> 75% missing), 
zero variance, and ICU admission features. We grouped 
similar features (Supplement Table 3, https://links.lww.
com/CCX/B512). All features collected after day of ad-
mission were removed. Accordingly, any repeated mea-
surements (e.g., laboratory work, vital signs, etc.) taken 
after admission were also excluded from model training 
(Supplement Fig. 1 and Supplement Text File, https://
links.lww.com/CCX/B512).

Patient Selection. COVID-19 negative patients 
and patients with unknown outcomes (n = 95) were 
excluded (Supplement Fig. 1, https://links.lww.com/
CCX/B512). For RRT prediction, an additional 12 
patients with unknown RRT status were excluded (Fig. 
1). Ward deaths without ICU admission were classified 
as experiencing ventilation, vasopressor, and RRT out-
comes, assuming that critical care interventions would 
have been beneficial.

Our cohorts included data on patients with chronic 
kidney disease (CKD), but not end-stage renal di-
sease (ESRD). CKD patients were included in the 
prediction of ventilation, vasopressors, and RRT be-
cause the minority of CKD patients are in ESRD and 
on dialysis at hospital admission for COVID-19 or 
non-COVID-19 CAP.

Data Normalization and Imputation. Features 
were normalized with MinMaxScaler from scikit-
learn. Missing troponin and d-dimer values were 
imputed as the mean normal values respectively, as 
we assume that missingness indicated these tests were 
not ordered due to low clinical suspicion for elevation. 
Additionally, both troponin and d-dimer are highly 
right-skewed. All other missing values were imputed 
using K-Nearest Neighbors (Supplement Fig. 1, 
https://links.lww.com/CCX/B512) and KNNImputer 
from scikit-learn (29) (Supplement Table 4, https://
links.lww.com/CCX/B512).

Figure 1. Performance metrics for models predicting critical care intervention needs for COVID-19 and community-acquired pneumonia 
(CAP) patients. Accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and area under the 
receiver operating characteristic curve (AUC ROC) metrics for our model that predicts vasopressor use (A), ventilator use (B), and renal 
replacement therapy (RRT) use (C). Results are shown for model performance against the COVID-19 cohort used to train the models, 
an unseen COVID-19 cohort, and a CAP cohort. The derivation cohort has been class-balanced, whereas other cohorts have not.

https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
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Class Balancing. Class balancing was achieved 
through a combination of oversampling and unders-
ampling. This enabled models to better learn from the 
minority outcomes and reduces bias toward the ma-
jority outcome. Class balancing was done as shown 
in Supplement Text File (https://links.lww.com/CCX/
B512).

Model Training

The derivation cohort (n = 1210) was split 80/20 for 
training (n = 968) and testing (n = 242), respectively. 
We trained models (Supplement Text File, https://
links.lww.com/CCX/B512) using random-forest clas-
sifier (RFC), support vector machine, XGBoost, and 
multilayer perceptron models. We performed hyperpa-
rameter optimization with GridSearchCV from scikit-
learn (29) (Supplement Table 5, https://links.lww.
com/CCX/B512) for our final models (Supplement 
Table 6, https://links.lww.com/CCX/B512).

External Validation and Model Generalizability. 
A validation cohort of COVID-19 pneumonia patients 
(n = 1210) was used for external validation. These 
patients were admitted later than patients from the 
derivation COVID-19 cohort and served as a temporal 
validation (i.e., to determine whether the model was 
accurate in later COVID-19 patients who could differ 
by wave, treatment, and vaccine status, e.g.). We vali-
dated model generalizability in two validation cohorts 
of non-COVID-19 CAP patients (n = 1184, n = 725). 
All cohorts were preprocessed identically and as in 
Supplement Text File (https://links.lww.com/CCX/
B512). Validation cohorts were left unbalanced to re-
flect the models’ performance in real-world clinical 
conditions, where the natural distribution of outcomes 
in the unbalanced dataset determines performance.

To build generalizability and reproducibility con-
fidence, we did additional randomized testing of our 
COVID-19 and non-COVID-19 CAP cohorts. We 
randomized all COVID-19 patients into derivation 
and validation cohorts to create “new” COVID-19 
cohorts and similarly randomized all non-COVID-19 
CAP patients into two validation cohorts to cre-
ate “new” non-COVID-19 CAP cohorts as follows. 
Original COVID cohorts (derivation and validation) 
were merged and randomly split into new derivation 
and validation cohorts. A new RFC model was trained 
on this new derivation cohort and tested with the new 

validation cohort. The same process was performed 
with the two original CAP validation cohorts.

Misclassification Analysis. McNemar’s test was 
used to determine whether there were significant dif-
ferences in how often the models made false-positive 
and false-negative errors with the models’ predictions. 
The Mann-Whitney U test assessed model confidence 
in making correct vs. incorrect predictions and differ-
ences in feature distributions between cohorts.

Logistic Regression Models. Logistic regression is 
one of the most widely used methods to create predic-
tion models. We applied the most used strategy in the 
literature to build such a model and compared logistic 
regression accuracy to machine learning accuracy. The 
univariate relationship between baseline characteris-
tics and outcomes (vasopressor use, ventilator use, and 
RRT use) was first examined by chi-square test, Fisher 
exact test, t test, or Wilcoxon rank-sum test as appro-
priate. Given the large number of available features, 
univariate analysis was first performed to select the 
candidate variables for the prediction model. Factors 
with p value of less than 0.2 in the univariate analysis 
were included in the stepwise regression as candidate 
variables (bidirectional selection with null model as 
the starting model) with Akaike Information Criterion 
(AIC) to select the set of variables to be included in the 
prediction model. The optimal classification threshold 
for the prediction model was the point closest to the 
top-left part of the plot with perfect sensitivity or 
specificity.

Code Access

Code for this project is available on GitHub: https://
github.com/ubcgchen/AI-COVID-CAP.

RESULTS

The derivation COVID-19 patients differed from the 
COVID-19 validation patient cohort (Supplement 
Table 1, https://links.lww.com/CCX/B512). Derivation 
COVID-19 cohort patients had more and different 
comorbidities (e.g., more chronic cardiac, kidney, 
rheumatologic and hematologic disease, and malig-
nancy, but less dementia), were admitted to ICU less 
frequently, and had lower rates of invasive ventilation 
and vasopressors at admission day than validation 
COVID-19 cohort patients.

https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
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https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://github.com/ubcgchen/AI-COVID-CAP
https://github.com/ubcgchen/AI-COVID-CAP
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Of the machine learning models tested, RFC-based 
models overall had the highest accuracy, sensitivity, 
specificity, positive predictive value, negative predic-
tive value, and area under the receiver operating char-
acteristic curve (AUROC) (Fig. 2; and Supplement 
Table 2, https://links.lww.com/CCX/B512). For each 
prediction, our RFC model outputs a probability score 
between 0 and 1 that indicates the confidence that 
the patient will require ventilation, vasopressor(s), or 
RRT, whereas the complement of this score reflects the 
model’s confidence that the patient will not require 
these interventions.

To compare results of prediction across the der-
ivation and validation cohorts, we describe accuracy 
and AUROC (other statistics are in Figs. 1 and 2; and 
Supplement Tables 7 and 8, https://links.lww.com/
CCX/B512). Our RFC model demonstrated accuracy 
of 0.89 (95% CI, 0.867–0.874; range, 0.823–0.906), 
0.85 (95% CI, 0.849–0.856; range, 0.810–0.891), and 
0.85 (95% CI, 0.872–0.881; range, 0.806–0.917) and 
AUROC of 0.95 (95% CI, 0.936–0.941; range, 0.902–
0.963), 0.92 (95% CI, 0.929–0.934; range, 0.886–0.958), 
and 0.94 (95% CI, 0.954–0.959; range, 0.924–0.982) 
for vasopressor, ventilator, and RRT use, respectively 
(Figs. 1 and 2; and Supplement Tables 7 and 8, https://
links.lww.com/CCX/B512) in our derivation COVID-
19 cohort.

In our validation COVID-19 cohort, accuracy 
scores were 0.82, 0.80, and 0.83 and AUROC scores 
were 0.88, 0.88, and 0.81 for vasopressor, ventilator, 
and RRT use, respectively. Model accuracy was strat-
ified by whether patients received the intervention on 
the day of admission. For vasopressor use, accuracy 
was 0.97 for patients who received the intervention on 
day 0 and 0.81 for all other patients. For ventilator use, 
accuracy was 0.91 and 0.79, respectively, and for RRT 
use, accuracy was 0.73 and 0.83, respectively.

For the first non-COVID-19 CAP cohort, accuracy 
scores were 0.76, 0.73, and 0.76 and AUROC scores 
were 0.84, 0.84, and 0.74 for vasopressor, ventilator, 
and RRT use, respectively. Stratified by day of admis-
sion intervention, accuracy for vasopressor use was 
0.84 for patients who received the intervention on day 
0 and 0.75 for those who did not. For ventilator use, 
accuracy was 0.93 and 0.72, respectively, and for RRT 
use, accuracy was 0.86 and 0.76, respectively.

Finally, for the second non-COVID-19 CAP cohort, 
accuracy scores were 0.81, 0.77, and 0.82 and AUROC 

scores were 0.85, 0.86, and 0.80 for vasopressor, ven-
tilator, and RRT use, respectively. Stratified by day of 
admission intervention, accuracy for vasopressor use 
was 0.81 for both patients who received the interven-
tion on day 0 and those who did not. For ventilator use, 
accuracy was 0.96 and 0.76, respectively, and for RRT 
use, accuracy was 1.00 and 0.82, respectively.

We repeated the analysis after randomly creating new 
cohorts. Retraining RFC models with a random half 
of our COVID-19 data and validating with the other 
COVID-19 half continued to show high accuracy (0.81–
0.92) and AUROC (0.78–0.98) across derivation and val-
idation cohorts. Similarly, within our non-COVID-19 
CAP, the randomized halves had high accuracy (0.86–
0.92) and AUROC (0.79–0.97) (Supplement Table 9, 
https://links.lww.com/CCX/B512).

Features That Were Important Predictors of 
Ventilation, Vasopressor, and RRT

Certain features were more important in predicting 
ventilation, vasopressors, and RRT (Supplement Fig. 
2 and Supplement Tables 10 and 11, https://links.
lww.com/CCX/B512). Features that most predicted 
vasopressor use included Fio2 (r = 0.41), mean arte-
rial pressure (MAP; r = –0.35), and GCS (r = –0.31); 
vasopressor use patients had higher bilirubin, respi-
ratory rate, Fio2, and AST; and lower MAP and Sao2 
compared with those never on vasopressors (Mann-
Whitney p = 0.04, 2.38 × 10−19, 1.89 × 10−23, 0.004, 7.44 
× 10−12, 1.43 × 10−24, respectively; Supplement Fig. 3A, 
https://links.lww.com/CCX/B512).

The features that predicted ventilator use were also 
Fio2, MAP, and GCS (r = 0.44, –0.32, and –0.44, re-
spectively). Patients who required ventilation had sig-
nificantly higher Fio2, AST, respiratory rate, and WBC 
count, and lower MAP and Sao2 than those who did 
not (p = 2.10 × 10−25, 0.002, 5.06 × 10−18, 3.49 × 10−14, 
3.21 × 10−10, 8.00 × 10−29, respectively; Supplement 
Fig. 3B, https://links.lww.com/CCX/B512).

GCS, serum creatinine, and troponin were most 
predictive of RRT use (r = –0.21, 0.34, and –0.003, re-
spectively; Supplement Tables 8 and 9, https://links.
lww.com/CCX/B512). In patients who required RRT, 
day 0 creatinine, potassium, respiratory rate, and tro-
ponin were significantly higher while hemoglobin and 
Sao2 were significantly lower than patients not ever on 
RRT (p = 5.65 × 10−17, 5.86 × 10−6, 0.022, 1.53 × 10−6, 

https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
https://links.lww.com/CCX/B512
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2.15 × 10−9, 0.025, respectively; Supplement Fig. 3C, 
https://links.lww.com/CCX/B512).

Misclassification Analysis

Our models demonstrated significantly different con-
fidence levels in correctly vs. incorrectly classified 
patients for all endpoints in the derivation COVID-19 

dataset (p = 3.80 × 10−13, 1.24 × 10−11, and 7.95 × 10−5 for 
vasopressor, ventilator, and RRT). The Mann-Whitney 
U test confirms a statistical difference between the 
confidence scores; combining it with visual inspection 
suggests that the model is significantly more confi-
dent in its correct predictions than its incorrect ones. 
(Supplement Fig. 4 and Supplement Text File, https://
links.lww.com/CCX/B512).

Figure 2. Area under the curve (AUC) for vasopressor, ventilator, and renal replacement use for our original COVID-19 cohort, unseen 
COVID-19 cohort, the first community-acquired pneumonia (CAP) cohort, and the second CAP cohort.
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Logistic Regression Model Prediction of 
Ventilation, Vasopressors, and RRT

As a standard widely used to assess accuracy of predic-
tion, we used a logistic regression model and logistic 
regression was less accurate (e.g., AUROC for invasive 
ventilation, vasopressors, and RRT: COVID-19 deriva-
tion: 0.77, 0.74, and 0.8; COVID-19 validation: 0.66, 
0.65, and 0.77; non-COVID-19 CAP first cohort: 0.78, 
0.75, and 0.71; and non-COVID-19 CAP second co-
hort: 0.73, 0.71, and 0.73, respectively) (Table 1; and 
Supplement Text File, https://links.lww.com/CCX/
B512) than machine learning.

Randomizing the COVID-19 and non-COVID-19 
CAP cohorts also showed lower accuracy of logistic 
regression (AUROC: ventilation, vasopressors, and 
RRT: randomized COVID-19 derivation: 0.76, 0.76, 
and 0.83; randomized COVID-19 validation: 0.71, 
0.71, and 0.73; randomized non-COVID-19 CAP 

derivation: 0.78, 0.76, and 0.80; and randomized non-
COVID-19 CAP validation: 0.77, 0.78, and 0.76, re-
spectively) (Supplement Table 14, https://links.lww.
com/CCX/B512) than machine learning.

DISCUSSION

In patients who were admitted to hospital for COVID-
19 or non-COVID-19 CAP, a machine learning algo-
rithm more accurately (all above 80%) predicted use of 
invasive ventilation, vasopressor, and RRT in patients 
not on this support on hospital admission day com-
pared with conventional logistic regression.

A machine learning algorithm such as we propose 
could be used clinically in future by several teams: 
by emergency department staff for triage, by ward 
staff for evaluation of risk of ICU admission, and by 
Critical Care Outreach teams for evaluation of CAP 
patients admitted to medical wards from emergency 

TABLE 1.
Metrics by Endpoint in Derivation Set COVID-19, Validation Set COVID-19, and Two 
Non-COVID-19 Community-Acquired Pneumonia Datasets for the Logistic Regression 
Prediction Model Based on Stepwise Logistic Regression With Akaike Information 
Criterion

Endpoint Metric Original COVID-19 Unseen COVID-19 CAP 1 CAP 2

Vasopressor use Accuracy 0.698 0.601 0.698 0.609

Sensitivity 0.682 0.671 0.689 0.727

Specificity 0.703 0.588 0.699 0.602

PPV 0.440 0.236 0.201 0.096

NPV 0.866 0.904 0.953 0.097

AUC ROC 0.741 0.648 0.752 0.709

Ventilator use Accuracy 0.726 0.635 0.697 0.685

Sensitivity 0.670 0.646 0.745 0.710

Specificity 0.746 0.633 0.692 0.684

PPV 0.494 0.230 0.203 0.108

NPV 0.859 0.914 0.963 0.978

AUC ROC 0.771 0.660 0.776 0.728

Renal replacement therapy use Accuracy 0.705 0.676 0.661 0.680

Sensitivity 0.778 0.741 0.692 0.600

Specificity 0.702 0.674 0.660 0.681

PPV 0.102 0.066 0.048 0.015

NPV 0.986 0.988 0.989 0.995

AUC ROC 0.802 0.765 0.708 0.608

AUC ROC = area under the receiver operating characteristic curve, CAP = community-acquired pneumonia, NPV = negative predictive 
value, PPV = positive predictive value.
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department who are at high risk of need for ventila-
tion, vasopressors, or RRT. Of note, the accuracy of 
prediction of use of invasive ventilation, vasopressors, 
and RRT was very high, consistent, and very similar in 
different types of CAP, that is, COVID-19 (caused by a 
single virus, i.e., SARS-CoV-2-induced CAP) and non-
COVID-19 CAP (caused by a variety of bacteria and 
viruses). As expected, the machine learning accuracy 
was highest in the derivation COVID-19 cohort (> 
0.85) but remained very high (0.80–0.85) in a COVID-
19 and two non-COVID-19 CAP validation cohorts.

A logistic regression model was less accurate than 
machine learning in predicting critical care support in 
two COVID-19 and two non-COVID-19 CAP cohorts. 
Reasons could include different independent variables 
and weights/odds ratios used in machine learning vs. 
logistic regression (Supplement Tables 12, 13, and 16, 
https://links.lww.com/CCX/B512), a stronger iterative 
process in machine learning, and the low frequency 
of some events such as RRT that could have adversely 
affected logistic regression more than machine learn-
ing. Also, we chose the most widely used strategy for 
variable selection when building the logistic predic-
tion model, univariate analysis, and stepwise selection 
based on AIC. Other more advanced variable selec-
tion strategies are available, such as genetic algorithm 
and Least Absolute Shrinkage and Selection Operator, 
which might improve accuracy so future work is re-
quired to explore these options.

The machine learning algorithm identified clinically 
logical features for prediction of critical care support 
but combined them in the model in a way that could 
augment human clinician prediction by including many 
more and many seemingly less important features in 
its prediction. Interestingly, the features for prediction 
using only hospital day of admission were similar for in-
vasive ventilation, vasopressor, and RRT use.

Our study is novel; it is the first to use machine learn-
ing to predict: 1) invasive ventilation, vasopressor, and 
RRT use and 2) both COVID-19 and non-COVID-19 
CAP. A few studies compared machine learning in 
COVID-19 and non-COVID-19 CAP (e.g., COVID-
19 CAP vs. influenza CAP [8]). Other machine learn-
ing techniques were used to predict COVID-19 CAP 
mortality (3, 5, 6, 11), COVID-19 mortality and se-
verity (7), RRT (12), and ventilation use in COVID-19 
(4, 10). Previous studies sometimes had higher sample 
sizes, but we used many more admission day variables 

(i.e., features) for the machine learning than prior 
studies.

Our study strengths included consistent recruit-
ment of both non-COVID-19 CAP and COVID-19 
wave patients into our multicenter pan-Canadian open 
cohort (13–15, 17–19) and very detailed phenotyp-
ing using a standardized case report form. The main 
reason for hospital and ICU admission for CAP is for 
oxygen, IV antibiotics (2), corticosteroids (1, 30, 31), 
and invasive ventilation, vasopressor, or RRT so we 
evaluated the prediction of use of invasive ventilation, 
vasopressor, or RRT. Our model is robust and con-
tinued to perform well when retrained with a random-
ized half of the COVID-19 and randomized validation 
COVID-19 and non-COVID-19 CAP cohorts. Finally, 
we compared machine learning to logistic regression 
prediction in the same cohorts.

We acknowledge that standard logistic regression is 
a significant limitation of the study.

We acknowledge that this is a potentially infe-
rior model development method to compare with 
machine learning approaches, such that the latter 
performed better. A recent study demonstrated that 
using advanced variable selection strategies could 
lead to similarly accurate prediction models as ma-
chine learning approaches (32). Limitations also in-
clude that we did not record advanced directives that 
could have modified decisions about ventilator, va-
sopressor, or RRT use. In this observational study, 
we could not determine causation, but add evidence 
regarding use of machine learning to accurately pre-
dict use of invasive ventilation, vasopressor, or RRT 
in COVID-19 and in non-COVID-19 CAP. The event 
rates of invasive ventilation, vasopressors, and RRT 
were lower in the validation than derivation cohorts, 
and this may have adversely affected accuracy and 
AUROC of the validation cohorts. Comorbidities 
were identified at time of admission, but the duration 
of comorbidities was not recorded nor was treatment 
and level of control of comorbidities all of which 
could alter use of ventilation, vasopressors, or RRT. 
We did not record COVID-19 therapies (e.g., antico-
agulants and immunomodulatory drugs) that could 
have altered invasive ventilation, vasopressor, or 
RRT use. We did not evaluate capture machine learn-
ing performance in subgroups, such as by ethnicity 
due to the data sparsity: over 60% of patients did 
not have ethnicity recorded in the derivation cohort, 
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and greater than 70% in the validation COVID and 
non-COVID CAP cohorts. Most ethnicities had less 
than 50 data points available (Supplement Table 1, 
https://links.lww.com/CCX/B512). We educated the 
sites to not include patients who came from a health-
care facility or nursing home, but it is possible that 
we included such patients so may have included 
some patients with healthcare-acquired pneumonia. 
Finally, we did not record caregiver predictions of 
use of ventilator, vasopressor, or RRT for compar-
ison with machine learning and logistic regression 
predictions.

CONCLUSIONS

A machine learning algorithm predicts use of in-
vasive ventilation, vasopressors, or RRT in non-
COVID-19 CAP and COVID-19 patients not on 
these supports on the day of hospital admission. 
Logistic regression approaches without advanced 
variable selection strategies might be inferior to ma-
chine learning methods. Implemented appropriately, 
both could augment clinician judgment for triage 
and care of patients admitted to hospital for non-
COVID-19 CAP.
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