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Abstract

Background:
Acute respiratory failure (ARF) presents within a spectrum of clinical manifestations and illness severity, and mortality occurs
in approximately 30% of patients who develop ARF. Early risk identi�cation is imperative for implementation of prophylactic
measures prior to ARF onset. In this study, we develop and validate a machine learning algorithm (MLA) to predict patients at
risk of ARF requiring advanced respiratory support.

Methods:
This retrospective study used data from 155,725 patient electronic health records obtained from �ve United States community
hospitals. An XGBoost classi�er was developed using patient EHR data to produce risk scores at 3-hour intervals to predict the
risk of ARF within 24 hours. An alert was generated only once prior to ARF onset, de�ned by implementation of advanced
respiratory support, for patients whose risk score exceeded a prede�ned threshold. We used a novel time-sensitive area under
the receiver operating characteristic (tAUROC) curve that integrated the timing of the alert relative to ARF onset to evaluate the
accuracy of the MLA. The MLA was assessed on two testing sets and compared with oxygen saturation (SpO2) measurement
and the modi�ed early warning score (MEWS).

Results:
The MLA demonstrated signi�cantly higher eSensitivity and speci�city operating points on the temporal testing and external
validation sets (tAUROC of 0.858/0.883, respectively) than SpO2 (0.771/0.810) and MEWS (0.676/0.774) for prediction of ARF
requiring advanced respiratory support. The MLA also achieved lower false positive rates than SpO2 and MEWS at these
operating points.

Conclusions:
The MLA predicts patients at risk of ARF requiring advanced respiratory support and achieves higher accuracy and produces
earlier alerts than the use of SpO2 or MEWS. Importantly for clinical practice, the MLA has a lower false positive rate than
these comparators while maintaining high sensitivity and speci�city.

Background
Acute respiratory failure (ARF) is broadly characterized as inadequate gas exchange, where the respiratory system is unable to
meet the oxygenation, ventilation, or metabolic demands of the body (1, 2). The leading causes of ARF in adults include
pneumonia, congestive heart failure, chronic obstructive pulmonary disease, acute respiratory distress syndrome, sepsis,
asthma, drug ingestion, and trauma (3). As the most common cause of admission to the intensive care unit (ICU) (4), ARF
affects more than 50% of ICU patients (5). Severe ARF that requires mechanical ventilation has mortality rates of 34–37% (6,
7). In the United States, the number of hospitalizations due to ARF increased from ~ 1 million to nearly 2 million from 2001 to
2009 (3). The incidence of ARF continues to increase, possibly due to an aging population along with septicemia and
seasonal �uxes of in�uenza and pneumonia (8). Signs of respiratory deterioration may occur before ARF onset, and early
recognition and application of prophylactic interventions may improve outcomes and reduce mortality (9). Hence, there is
substantial need for accurate ARF risk assessment.

Due to the high morbidity and mortality associated with ARF, early identi�cation and intervention is bene�cial. To this end,
several studies have proposed improving and/or reducing the time to ARF diagnosis by applying techniques including lung
ultrasounds (10, 11), CT-scans (11), and chest x-rays with electronic health records (EHR) data (12). However, these tests are
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typically performed after suspicion of ARF, and studies have demonstrated that delayed or inappropriate identi�cation may
lead to increased mortality (13, 14). In the absence of ARF risk prediction tools, identi�cation of ARF relies upon methods that
are costly (e.g., imaging) (11), are not considered primary diagnostic measures (11), or that require physician assessment in
combination with clinical variables (15). Several ARF risk assessment tools have been validated for use in post-surgical
populations to assess the risk of respiratory complications (16–18). However, there is currently a need for physician-
unassisted monitoring and identi�cation of patients at risk of respiratory decompensation in all hospital settings given current
sta�ng challenges, particularly with the dwindling number of experienced nursing staff (19).

In this study, we developed a continually-running machine learning algorithm (MLA) using a minimal number of features that
are readily available in the EHR to assess the risk of ARF in hospitalized patients requiring advanced respiratory support. This
clinical decision support tool could enable clinicians to implement earlier interventions or preventative measures for patients
at risk of ARF.

Methods

Data collection
Demographics, vitals, laboratory test results, and comorbidities data were extracted for adult patients from the EHRs of �ve
United States community hospitals, including a large academic research hospital. Patient data was de-identi�ed in
compliance with the Health Insurance Portability and Accountability Act. As such, this research does not constitute human
subjects research as per the de�nition put forth in 45 Code of Federal Regulations 46 and did not require Institutional Review
Board approval (20).

Gold standard
Management of ARF varies with severity, ranging from supplemental O2 therapy using nasal cannulas, high-�ow nasal
cannulas, venturi masks, and non-rebreather reservoir masks, to non-invasive ventilation (NIV) using positive pressure
ventilation with continuous positive airway pressure (CPAP) and bilevel positive airway pressure (BiPAP) (13, 21–24). When
non-invasive techniques are not su�cient, patients are intubated and provided mechanical ventilation (25, 26). Mechanical
ventilation and intubation carry risks including infections and physical injuries (27). In case of prolonged ARF, a tracheostomy
may also be considered (28).

ARF patients requiring advanced respiratory support were identi�ed by speci�c ventilation procedures: ECMO, tracheostomy,
mechanical ventilation, high-�ow nasal cannulas, CPAP, BiPAP, and non-rebreather masks. ARF onset time was determined by
the start of these procedures. The list of string searches for oxygen therapy in patient EHR are listed in Additional File 1. For
added veri�cation in determining ventilation methods from the patient EHR, we also required a minimum saturated oxygen
level (SpO2) of less than 96% from − 12 to + 6 hours around the ventilation time (29). Non-invasive ventilation support, such as
low or moderate �ow nasal cannula (1–6 L and 6–15 L oxygen �ow, respectively), was not considered advanced respiratory
support. The use of these advanced respiratory support measures to identify ARF patients were determined through expert
clinician discussions (see Additional File 2 for details) and have been employed in previous clinical studies (4, 30). Advanced
respiratory support devices that provide higher levels of oxygen support can be used as a surrogate for ARF severity (4), and
provide a more direct endpoint of respiratory decompensation than invasive mechanical ventilation or admission to the ICU
(30). Therefore, this study de�nes the positive class ARF encounters as all patient visits where the patient used advanced
respiratory support, and the negative class, non-ARF encounters, as all patient visits where the patient did not use advanced
respiratory support.

Data processing
The dataset was temporally divided into a training and a testing set from four hospital sites (sites A-D), and a �fth site (E) was
used for external validation testing. The training dataset included data from sites A-D between April 1, 2020 and November 30,
2021. The temporal testing set included data obtained from sites A-C between December 1, 2021 and February 20, 2022.
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External validation was conducted using data obtained from the �fth, independent site (E) between April 1, 2020 and February
20, 2022. Data from the training, testing and external validation sets did not overlap. All encounters of patients aged 18 to 100
years that had at least one measurement of each required feature (described below) present before ARF onset were included in
the study. Patients that had a pre-existing ARF condition were excluded from the study.

Model inputs
The model required minimal features, including demographic features (age and sex), vital signs (systolic and diastolic blood
pressure, heart rate, respiratory rate, and temperature), SpO2, and COVID-19 status as a boolean feature. Optional features
were included in model inputs as available (Table 1). Information on data missingness can be found in Additional File 3.

Table 1
Required and optional model input features. COVID-19 status was a

boolean feature.
Required features Optional features

● Age

● Systolic blood pressure

● Diastolic blood pressure

● Heart rate

● Respiratory rate

● Temperature

● Oxygen saturation (SpO2)

● COVID-19 status

● Hematocrit

● Hemoglobin

● White blood cell count

● Red blood cell count

● Platelet count

● Creatinine

● Blood urea nitrogen (BUN)

● Blood pH

● Partial pressure of oxygen (PaO2)

Machine learning model

XGB model
The XGBoost classi�er (31) was selected to create the model for analyzing inputs and assessing risk of ARF. XGBoost
implements gradient boosting, which is an ensemble learning technique that combines multiple decision trees to produce
respiratory decompensation risk scores. At each iteration of the algorithm, regression trees are sequentially combined to
improve on errors of previous iterations. The XGBoost classi�er was chosen due to its reliability and scalability. It is able to
process data with missing values without �rst performing imputation (31, 32). XGBoost has a number of parameters that can
be tuned to control class imbalance and also avoid over�tting. To avoid over�tting to a population, we used max

d
epth = 4

and min
χ

ldweight = 50. All other parameters were left in their default con�guration.

Algorithm design and training
Alert timing is an important aspect of designing clinical decision support systems. Discussions with clinical experts identi�ed
alerts prior to ARF onset, and particularly within a 24-hour period before onset, to be the most useful alerting window
(Additional File 2). This would provide su�cient notice to implement treatment and prepare patients for potential ICU transfer,
care escalation, or mechanical ventilation. The MLA was deployed at T0, when at least one measurement for each required
model input was present. Risk scores predicting ARF onset within the next 24 hours were generated at 3-hour intervals with
updated EHR data. If a feature was not updated in that 3-hour interval, then exact match forward imputation was used for that
measurement. This process was repeated from T0 to ARF onset for ARF-positive patients, and T0 to time of discharge for ARF-
negative patients. If a 3-hour interval fell within 24 hours of ARF onset, the model was trained to predict positive for ARF.
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Otherwise, it was trained to predict negative for ARF. The training strategy is illustrated in Fig. 1. Although the MLA generated
multiple risk scores during a patient’s length of stay, it only produced an alert at the �rst instance the risk score crossed the
prede�ned alert threshold, which was determined by optimized sensitivity and speci�city values in the training set.

Model performance evaluation
Traditional methods of evaluating algorithm performance using area under the receiver operator characteristic (AUROC) curve
measure the accuracy of a model (33–35), but do not include analysis on when an alert is generated, i.e., the timing of the
alert (36, 37). This is relevant as alerts generated before the onset of a disease may provide greater opportunity for clinicians
to apply prophylactic measures to patients.

To incorporate the concept of alert timing in the evaluation of algorithm performance, we introduced modi�ed de�nitions of
true positive and false negative cases. A true positive case was de�ned as an ARF encounter where an alert was generated
prior to ARF onset, thus only early cases were included. A false negative case was de�ned as an ARF encounter where an alert
was not provided before the onset of ARF. Note that late alerts that were generated after the onset of ARF were considered
false negatives. Evaluation metrics, including sensitivity (eSensitivity) were adjusted based on these modi�ed de�nitions
(Table 2). eSensitivity was de�ned as the proportion of ARF encounters for which the algorithm provided an alert before ARF
onset out of the total number of ARF encounters.

Accounting for multiple scores in receiver operating characteristic
curves
As the model produced multiple scores for each encounter, we �rst converted these into a �nal prediction before using them to
build a receiver operating characteristic (ROC) curve. A traditional ROC curve is constructed by varying the prediction threshold
to produce all possible operating points (sensitivity and speci�city) for the model. We mirrored this computation by varying the
alert threshold to produce a range of operating points. For each alert threshold, the alert time for an encounter was given as
the �rst time a score surpassed the selected alert threshold. This alert time was compared with ARF onset time, and the
encounter was categorized in one of the four classi�cations (early true positive, false positive, etc.) described above and in
Table 2, which was used to compute eSensitivity and speci�city. Computing eSensitivity and speci�city for all possible alert
thresholds yields the time-sensitive ROC (tROC) curves in Fig. 3, and the area under the tROC curve (tAUROC) is reported in
Table 4. tAUROC represents the time-sensitive accuracy of the model by evaluating area under the receiver operating curve of
eSensitivity to (1-speci�city).

Unlike traditional ROC curves produced from a single prediction, one drawback of this approach is that for a model producing
random scores at each point in time, the tROC curve will not be a diagonal line and the tAUROC will not be 0.5. This makes
interpretation of tAUROC more complex than the standard case. To better contextualize the models’ performance, expected
baseline tROC curves and their associated tAUROC values are provided in Fig. 3.

Evaluating the timing of alerts
The timing of alerts was evaluated to determine the number of alerts that were generated within clinically relevant windows to
implement prophylactic measures. We investigated alerts produced during two different windows: an early alert was one
generated at any time prior to the onset of ARF, and a timely alert was one that was produced within the 24 hours prior to ARF
onset. Clinical feedback suggested that timely alerts are the most clinically optimizable for preventive measures (Additional
File 2). We then de�ned timeliness as the proportion of early true positive alerts generated during this ideal window.
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Table 2
De�nitions of performance metrics

De�nitions incorporating timeliness of alerts

eTP: early true positive; ARF encounters alerted before ARF onset

FP: false positive; non-ARF encounters that received an alert

TN: true negative; non-ARF encounters that did not receive an alert

eFN: early false negative; ARF encounters that did not receive an alert, or received an alert after ARF onset

eSensitivity: early sensitivity; # of ARF encounters correctly alerted before ARF onset/ # of total ARF encounters);
(eTP/(eTP + eFN))

Speci�city: # of non-ARF patients that was not alerted/ # of total negative patients (TN/(FP + TN))

tAUROC: time-sensitive area under the receiver operating curve; measure of correctness; plots eSensitivity to (1-speci�city)

Early alert: alert generated at any time prior to the onset of ARF

Timely alert: alert was one that was produced within the 24 hours prior to ARF onset

Timeliness: the proportion of early true positive (eTP) alerts generated within 24 hours prior to ARF onset

Comparators
To establish a baseline performance for the model, we compared the MLA with two different comparators: patient SpO2

measurements below a speci�c threshold, and the Modi�ed Early Warning Score (MEWS) (38). Monitoring SpO2 is widely used
in clinical practice for patient assessment (39) and evidence suggests that the SpO2 target range for healthy, non-smoking
adults should be greater than 94% (40). Guidelines advise oxygen should be prescribed to achieve saturation levels greater
than 94% (41). In addition to literature support, clinician discussions identi�ed SpO2 levels as one of the major determinants in
assessing patient status (Additional File 2). We de�ned the threshold for the SpO2 score ≤ 93%, where lower SpO2 values
indicate higher risk.

MEWS is a commonly used scoring system that identi�es likely patient deterioration and mortality and has been used in
previous machine learning studies with input adjustments (42, 43). It is typically computed from patient vital signs and
includes a subcomponent, the AVPU (alert, verbal, pain, unresponsive) assessment, that was not readily available in the
dataset and thus not included in the MEWS calculation. The adjusted MEWS was calculated from minimal features including
heart rate, temperature, respiratory rate and systolic blood pressure (Additional File 4). The MEWS score ranged from 0 to 11,
where an elevated score indicated an increased risk for clinical instability. We chose a threshold of ≥ 2 for comparison.

SHAP analysis
Model feature importance was evaluated using SHAP (SHapley Additive exPlanations) plots (44). SHAP plots analyze feature
correlations and distributions at a global ranking level and aid in interpretability of the features and algorithm model. The
plots present the predictive value of each feature input and its positive or negative correlation with predicting ARF patients
needing advanced respiratory support.

Results

Demographics information
Of the 175,576 hospitalized patient encounters in the datasets, 155,725 encounters met the inclusion criteria and were
included in the training and testing sets (Fig. 2). The training set consisted of 4,456 ARF encounters and 111,074 non-ARF
encounters to achieve a prevalence of 3.9%. The temporal testing set included 343 ARF encounters and the prevalence was
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4.2%. The external validation set included 842 ARF encounters and the prevalence was 2.6%. The demographics information
of patient encounters included in the analysis is presented in Table 3.
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Table 3
Patient encounter (enc) characteristics. ARF, acute respiratory failure; ED, emergency department; ICU, intensive care unit.

Unreported race is categorized as “Unknown race.”

  Training Set Temporal Testing Set External Validation Set

Feature Demo-

graphics

Non-ARF

enc

(n = 
111,074)

ARF

enc

(n = 
4,456)

p-

value

Non-
ARF
enc

(n = 
7,820)

ARF
enc

(n = 
343)

p-

value

Non-
ARF
enc

(n = 
31,190)

ARF
enc

(n = 
842)

p-

value

Age 18–39 35,748
(32.2%)

258
(5.8%)

< 
0.001

1,943
(24.8%)

24
(7.0%)

< 
0.001

8,261
(26.5%)

44
(5.2%)

< 
0.001

40–59 30,828
(27.8%)

1,075
(24.1%)

< 
0.001

2,062
(26.4%)

54
(15.7%)

< 
0.001

8,748
(28.0%)

145
(17.2%)

< 
0.001

60–79 33,230
(29.9%)

2,349
(52.7%)

< 
0.001

2,726
(34.9%)

183
(53.4%)

< 
0.001

9,205
(29.5%)

375
(44.5%)

< 
0.001

80+ 11,268
(10.1%)

774
(17.4%)

< 
0.001

1,089
(13.9%)

82
(23.9%)

< 
0.001

4,976
(16.0%)

278
(33.0%)

< 
0.001

Sex Male 48,946
(44.1%)

2,373
(53.3%)

< 
0.001

3,711
(47.5%)

200
(58.3%)

0.024 13,608
(43.6%)

456
(54.2%)

< 
0.001

Female 62,128
(55.9%)

2,083
(46.7%)

< 
0.001

4,109
(52.5%)

143
(41.7%)

0.022 17,582
(56.4%)

386
(45.8%)

< 
0.001

Ethnicity/Race White 25,677
(23.1%)

998
(22.4%)

0.386 3,132
(40.1%)

95
(27.7%)

0.001 3,874
(12.4%)

287
(34.1%)

< 
0.001

Black 2,054
(1.8%)

61

(1.4%)

0.019 317

(4.1%)

6

(1.7%)

0.032 618

(2.0%)

40
(4.8%)

< 
0.001

Asian 98

(0.1%)

1

(0.0%)

0.190 13

(0.2%)

0

(0.0%)

1.000 126

(0.4%)

10
(1.2%)

0.003

Other
Race

731

(0.7%)

19

(0.4%)

0.069 99

(1.3%)

0

(0.0%)

0.036 1,346
(4.3%)

81
(9.6%)

< 
0.001

Unknown
Race

82,514
(74.3%)

3,377
(75.8%)

0.395 4,259
(54.5%)

242
(70.6%)

0.003 25,226
(80.9%)

424
(50.4%)

< 
0.001

Hispanic 2,066

(1.9%)

36

(0.8%)

< 
0.001

330

(4.2%)

1

(0.3%)

< 
0.001

1,284
(4.1%)

73
(8.7%)

< 
0.001

Non-

hispanic

22,738
(20.5%)

665
(14.9%)

< 
0.001

3,232
(41.3%)

100
(29.2%)

0.002 4,519
(14.5%)

344
(40.9%)

< 
0.001

Unknown
Ethnicity

86,270
(77.7%)

3,755
(84.3%)

< 
0.001

4,258
(54.5%)

242
(70.6%)

0.003 25,387
(81.4%)

425
(50.5%)

< 
0.001

Hospital ward in ICU 2,938
(2.6%)

634
(14.2%)

< 
0.001

167

(2.1%)

38
(11.1%)

< 
0.001

819

(2.6%)

106
(12.6%)

< 
0.001

in ED 40,895
(36.8%)

1,939
(43.5%)

< 
0.001

3,110
(39.8%)

99
(28.9%)

0.005 12,661
(40.6%)

464
(55.1%)

< 
0.001

COVID-19
status

COVID19 2,586
(2.3%)

620
(13.9%)

< 
0.001

365

(4.7%)

65
(19.0%)

< 
0.001

1,621
(5.2%)

206
(24.5%)

< 
0.001



Page 9/20

Performance results
The performance of the MLA was evaluated in comparison to the two comparators, SpO2 and MEWS, on the temporal testing
set and external validation set (Fig. 3 and Table 4). Figure 3 presents the tROCs, including the baseline random model, which
deviates from the diagonal and does not have an area under the curve of 0.5 for an alert time-insensitive ROC. The MLA
achieved tAUROC values of 0.858 and 0.883 on the temporal and external sets, respectively, in comparison with SpO2 tAUROC
values of 0.771 and 0.810; MEWS achieved 0.676 and 0.774.

Table 4
Performance of the machine learning algorithm (MLA) in comparison to SpO2 and modi�ed early warning score
(MEWS) comparators on the temporal testing set and external validation set. The modi�ed performance metrics

included the time-sensitive area under the receiver operating characteristic (tAUROC) and early sensitivity
(eSensitivity) values. The threshold for SpO2 was ≤ 93% and the threshold for the MEWS comparator was ≥ 2.0.

  Temporal testing set External validation set

Method tAUROC eSensitivity Speci�city tAUROC eSensitivity Speci�city

MLA 0.858 (0.844–0.872) 0.776 0.780 0.883 (0.871–0.895) 0.748 0.864

SpO2 0.771 (0.746–0.796) 0.668 0.733 0.810 (0.794–0.824) 0.582 0.866

MEWS 0.676 (0.650–0.696) 0.653 0.660 0.774 (0.756–0.789) 0.818 0.641

SHAP analysis
As demonstrated in Fig. 4, the SHAP analysis of feature importance showed age, SpO2, blood urea nitrogen (BUN), respiratory
rate, heart rate, and pH were of highest value to model prediction.

Timing of alerts
Of the 842 ARF encounters in the external validation set, 630 were alerted prior to the onset of ARF (Additional File 5). At a
sensitivity of 74.8%, the algorithm achieved a false positive rate (FPR) of 13.6%; SpO2 at a reduced sensitivity of 58.2% had an
FPR of 13.4%, while the MEWS at increased sensitivity of 81.8% achieved an FPR of 35.9%. A similar trend is seen for the
temporal testing set.

The 630 early alerts the MLA produced on the external validation set had a median alerting time of 23.0 hours before ARF
onset (Fig. 5). There were a total of 212 false negatives in the external validation set, indicating a false negative rate of 25.2%.
For additional analysis of alert timing, we calculated that, of the 212 false negatives, 105 ARF encounters would have received
an alert after the onset of ARF. The 266 early alerts generated on the temporal testing set had a median alerting time of 21.0
hours prior to ARF onset (Fig. 5). There were 77 false negatives, of which 31 would have received an alert after ARF onset,
indicating a false negative rate of 22.4%.

Discussion
In this retrospective study, we developed and validated an algorithm that identi�es patients at risk of ARF requiring advanced
respiratory support. The algorithm continually produced risk scores at 3-hour intervals based on updated patient EHR data to
predict the risk of ARF within the next 24 hours. An alert was generated only once for patients when the risk score �rst
exceeded a prede�ned threshold prior to ARF onset. The MLA demonstrated superior performance at higher sensitivity and
speci�city in comparison to SpO2 and MEWS comparators when using time-sensitive ROC evaluation methods. Importantly,
we demonstrate a greater number of early alerts before ARF onset with a lower false positive rate, reducing false alarms.

An easily implementable, automatic clinical decision support tool that does not require physician input or interrupt clinical
work�ow may supplement clinical assessment in hospitals lacking adequate sta�ng or resources. The continually running
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algorithm design and analysis of new patient data every three hours to predict ARF risk within a 24-hour prediction window
would provide clinically relevant alerts to health care providers. MLA de�ned ARF advanced respiratory support treatments
include NIV procedures and high �ow nasal cannula, allowing identi�cation of patients early in their trajectory of
decompensation, and enabling prophylactic measures. This also would permit earlier consideration of appropriate ventilation
escalation, including techniques that are protective against lung injury (45–48).

The MLA performed with higher sensitivity and speci�city on the temporal testing and external validation sets (tAUROC of
0.858/0.883, respectively) than SpO2 (0.771/0.810) and the MEWS score (0.676/0.774). Other studies have created
algorithms predicting ARF onset (30, 49); however, direct comparisons are di�cult due to different methodologies and
evaluation metrics. Wong et al. (30) developed an XGBoost ML model with a similar de�nition of ARF that provided a single
alert with a 3 hour prediction window from the majority vote of 8 predictions over the span of 8 hours. In comparison, we
generated risk scores with a 24-hour prediction window at 3-hour intervals from updated EHR data until a risk score exceeded
a speci�c threshold and an alert was generated. Although the algorithm from Wong et al. outperformed MEWS with an AUROC
of 0.85 versus 0.57, it is a complex algorithm with 70 input variables, many of which may not be immediately available in
many healthcare systems, limiting its applicability. Kim et al. (49) designed an MLA where acute respiratory failure was
de�ned as endotracheal intubation to make risk predictions within a window of 6 hours to 1 hour prior to onset using nine
features. While they also achieved high AUROC values, their de�nition of ARF included only mechanical intubation, and a
shorter prediction window.

The most important features that contributed to the model’s performance were age, SpO2, BUN, pH, and respiratory rate for
both the temporal testing and external validation sets. Age is known to contribute to ARF due to age-related structural changes
of the respiratory system (13, 50). BUN is a marker of renal function, (51) and its importance may be correlated with the
increasing body of evidence that suggests lung-kidney interactions are involved in renal consequences of ARF (52). SpO2 has
been previously identi�ed in literature (39, 40) and in discussions with clinicians as critical for monitoring patient respiratory
status. PaO2 was of lower importance in MLA prediction outcomes in both data sets. One reason may be that SpO2 is a non-
invasive tool and typically monitored continually with frequent EHR updates. In contrast, PaO2 is a laboratory test with a high
degree of data missingness, that may be determined only after the clinician already suspects a decline in patient respiratory
status. While pH had high data missingness similar to PaO2, the importance of pH appears to be more informative for the
model than PaO2. Any measurement of pH resulted in a positive SHAP value for predictions, while a missing value resulted in
a slightly negative value. Covid-19 positive status was also of high importance in the MLA prediction of ARF requiring
respiratory support, as may be expected (53–55).

An important aspect of designing clinical decision support systems is the clinical relevancy and the timing of alerts. From
literature and discussions with clinician experts, early alerts prior to ARF onset (30), and especially within 24 hour before onset,
are considered to be most useful (Additional File 2). With early alerts, health care providers may implement prophylactic or
preventive therapies to mitigate ARF onset. Therefore, we evaluated the algorithm performance with respect to the time of ARF
onset. The MLA achieved a similar or lower false positive rate than the comparators. While SpO2 achieved a similar false
positive rate (13.4%) to the MLA (13.6%), the number of true positive cases identi�ed before ARF onset by the MLA was much
higher, and the MEWS comparator produced over 2.5-times the number of false positives than the algorithm.

There are several strengths to this analysis. The patient data used in this study was obtained from multiple sites from
throughout the United States and represent a heterogeneous patient population. The analysis evaluates the model on both a
temporally distinct set and an external validation set, demonstrating generalizability. This study is limited by its retrospective
nature, and the lack of prospective validation to ascertain clinician response to alerts in practice. We cannot predict how the
MLA may perform in different populations or settings. The MEWS score was calculated without AVPU assessment, as it was
not available in the dataset. Therefore, the performance of the MEWS score may be underestimated in this study.

Conclusions
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In this analysis, we present a novel algorithm to identify patients at risk of ARF requiring advanced respiratory support using
only EHR data. Integrating continual updates from new patient data and generating risk scores every three hours, the MLA
accurately predicted ARF onset within the next 24 hours. This high-performing classi�er produces more accurate and clinically
relevant alerts for patients at risk of ARF than SpO2 measurements or MEWS. Importantly for relevance and utility to health
care providers, high sensitivity and speci�city were achieved for MLA alerts prior to ARF onset. This may enable early
intervention to improve patient outcomes.
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Figures

Figure 1

Training strategy for ARF and non-ARF encounters using 3-hour data intervals. T0 denotes the time at least one measurement
from each required feature is obtained. The orange mark indicates a 3-hour interval that culminates in a data update from EHR
which generates a risk score. The risk score predicts the risk of ARF onset within 24 hours. The 3-hour data intervals for ARF
encounters are classi�ed as positive if ARF onset occurs within 24 hours, and a member of the negative class otherwise. Data
intervals for non-ARF encounters are members of the negative training class. Acute respiratory failure (ARF), hour (h), time (T).
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Figure 2

Flowchart for the inclusion criteria and number of encounters included in the analysis. Encounter data was obtained from the
electronic health records of patients from �ve United States hospitals. Data from the training and temporal testing set did not
overlap. ARF, acute respiratory failure; SpO2, saturated oxygen level.
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Figure 3

Time-sensitive receiver operating characteristic (tROC) curves for the evaluation of the early prediction of ARF machine
learning algorithm (MLA) in comparison to oxygen saturation (SpO2) and modi�ed early warning score (MEWS) comparators
on the temporal testing set (A) and external validation set (B). Due to the model producing random scores at each time point
relative to the onset of ARF, the baseline random model does not have an area under the curve of 0.5 as for a typical ROC.
Time-sensitive area under the receiver operating characteristic (tAUROC).
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Figure 4

SHAP analysis of feature importance of the early ARF prediction machine learning algorithm on the temporal testing (A) and
external validation (B) sets. The features are ranked from the top in order of highest to lowest importance. Red denotes a high
feature value and blue indicates a low value. The impact of a feature on the model prediction is correlated by positive or
negative SHAP values. Blood urea nitrogen (BUN); diastolic arterial blood pressure (DiasABP); oxygen saturation (SpO2);
partial pressure of oxygen (PaO2); systolic arterial blood pressure (SysABP).
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Figure 5

Alert timing histogram for acute respiratory failure (ARF) encounters that were alerted by the machine learning algorithm. The
timing analysis on the temporal testing set (A) demonstrated 266 early alerts (left; blue bars) were generated prior to the onset
of ARF, as well as 46 late alerts (right; red bars) that were produced after ARF onset. The median value (green line) for early
alerts was 21.0 hours. On the external validation set (B), 630 early alerts (left; blue bars) were produced, as well as 105 alerts
that were produced after ARF onset (right; red bars). The median value (green line) for early alerts was 23.0 hours. X-axis
denotes the time in hours from the �rst alert produced in positive patients with ARF onset time = 0, and the y-axis is the
number of alerts.
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