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Abstract. The aim of the present study was to validate, and
if necessary update, a predictive model previously developed
using a classification and regression tree (CART) algorithm
for predicting successful extubation (ES) using a new cohort.
This prospective cohort study enrolled adults admitted to
10 intensive care units, who had successfully passed a spon-
taneous breathing trial (SBT) and were considered ready for
extubation. After extubation, the patients were followed up
for 48 h. The primary outcome measure was ES, defined as
the ability to maintain spontaneous unassisted breathing for
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>48 h after extubation. The 3-factor CART model was applied
to patients in this cohort. The predicted probability of ES for
each patient in this validation cohort was calculated based
on the original CART model using the Laplace correction
method. The performance was assessed by discrimination
and calibration. A decision curve analysis was used assess the
clinical net benefit (NB). Extubation failure (EF) occurred in
90/530 patients (17%). Among the 90 patients, 72 (13.6%) were
reintubated, while 18 patients remained on rescue noninvasive
ventilation within 48 h after extubation. The original CART
model showed high discrimination but only moderate calibra-
tion with predicted probabilities that were systematically lower
than expected. The original CART model was updated, and
the updated model preserved excellent discrimination (area
under the receiver operating characteristic curve, 0.91; 95%
confidence interval, 0.87 to 0.93), but exhibited near-perfect
calibration (calibration slope, 1; intercept, 0). Between
threshold probabilities of 50 and 80%, the NB of using this
updated model is significantly improved compared with the
current strategy. The updated CART model may be used to
estimate the predicted probability of ES after a successful
SBT for individual patients. Applying this model appears to
produce a substantial clinical consequence with regard to
potential reduction in unexpected EFs.

Introduction

Discontinuation of mechanical ventilation is an essential issue
for critically ill patients and clinicians; however, controversy
continues concerning the best approach for conducting this
task. The current recommendation is to perform weaning
using an evidence-based two-step approach, in which daily
evaluation for readiness to wean is followed by a spontaneous
breathing trial (SBT) (1,2). Currently, it is recommended that
patients who successfully pass the SBT should be extubated if
neurological status, excessive secretions, adequate cough and
airway obstruction are not problematic (1,3). However, the rate
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of extubation failure is high (13.5 to 22%) in patients extubated
on the basis of the current strategy (4-6). Delayed and prema-
ture discontinuation of mechanical ventilation (MV) have been
associated with increased mortality (1,7,8). Therefore, there is
an urgent requirement for improved methods of identifying
patients who are likely to undergo extubation successfully.
Extensive investigations have been conducted to identify
predictors of extubation outcome; however, none of the predic-
tors reported to date have demonstrated high accuracy (2,9).

Research into weaning pathophysiology indicates
that patients show substantial alterations in numerous
physiological variables over time during the SBT (10). Thus,
mathematically-based prediction models, which include
multiple variables, may provide improved predictive outcomes
compared with traditional predictors (11). Recently, a number
of clinical models for predicting extubation outcome have
been reported in the literature (12-14). Certain models have
exhibited good discrimination; however, none has been exter-
nally validated. External validation is crucial to determine
generalizability, and it is necessary to establish the ability of a
model to predict outcome in different settings prior to its use
in clinical practice being recommended (15,16).

In a previous study, data from a cohort of mechanically
ventilated elderly patients were prospectively analyzed, and
used to develop a predictive model using a classification
and regressive tree (CART) algorithm (17), also known as a
decision tree (18), to predict extubation outcome in patients
following a successful SBT. This CART model selected three
discriminators, which are readily available in the majority of
intensive care units (ICUs), and showed a good discrimination
with an area under the receiver operating characteristic curve
(AUC) of 0.94.

The aim of the present study was to validate and, if neces-
sary, update this previously developed CART model (17) in
a multicenter cohort of adult patients admitted to 10 Chinese
ICUs. Furthermore, the present study aimed to determine
whether the clinical benefit achieved using this model
surpasses the current strategy of extubating all patients who
have successfully completed a SBT. Therefore, a net benefit
analysis was also conducted (19,20), which is a novel method
to quantify the clinical usefulness of a predictive model.

Materials and methods

Study setting and patients. This prospective, validation cohort
study was conducted between April 2013 and October 2013 in
ten Chinese ICUs in six tertiary hospitals (Pingjin Hospital,
Tianjin, China; Tianjin Chest Hospital, Tianjin, China;
Institute of Traumatic Brain Injury and Neurology, Tianjin,
China; General Hospital of Chinese People's Armed Police
Forces, Beijing, China; Xizang Corps Hospital, Lhasa, Tibet
Autonomous Region; and Langfang Fourth Peoples' Hospital,
Bazhou, China). Consecutive patients >18 years of age that
were on MV for >48 h were included if they were considered
to be able to undergo an SBT, on the basis of the readiness
criteria that are listed in Table I (2). Exclusion criteria are
detailed in Fig. 1. The Institutional Review Board at each of
the participating sites approved this observational study and
written informed consent was obtained from the patients' next
of kin.
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Table I. Readiness criteria for the spontaneous breathing trial.

1 Improvement in underlying conditions

2 Adequate oxygenation, indicated by PaO,>60 mmHg
at Fi0, <0.4 with an extrinsic positive end-expiratory
pressure <8 cm H,O

3 Cardiovascular stability (absence of active myocardial

ischemia, absence of vasopressor use or <5 mg/kg/min

dopamine or dobutamine; heart rate <130 beats/min)

Body temperature <38°C

Hemoglobin >8 g/dl

Awake or easily arousable

Adequate coughing during suctioning and did not

require suctioning more often than every 2 h

8 Blood pH =7.3

~N O A

PaO,, partial pressure of oxygen in arterial blood; FiO,, fraction of
inspired oxygen.

Study protocol. Patients eligible for enrollment, in a
semirecumbent position, were submitted to 60-min SBT
immediately. The ventilator (Evita-4 or XL; Dréger, Liibeck,
Germany) mode was set to 100% automatic tube compensa-
tion (ATC) plus 5 cm H,O positive end-expiratory pressure
and other settings remained unchanged. If no indications of
SBT failure (Table II) were observed during the SBT, the trial
was considered successful. If the patient had adequate mental
status, and the ability to cough and expectorate, extubation
was performed. Alternatively, if manifestations of SBT failure
were detected during this period, SBT was terminated and MV
reinstituted using the original settings. Immediate reintubation
was performed in the presence of a major clinical event (21,22)
(Table IT). Rescue therapy with non-invasive ventilation (NIV)
was used to avoid reintubation in patents with respiratory
failure after extubation (21,22) if immediate reintubation was
not necessary (Table II). Respiratory therapists applied NIV
(BiPAP Vision; Respironics, Inc., Murrysville, PA, USA) using
the S/T mode, following standard procedures (21). The final
decisions, regarding whether to conduct extubation, rescue
NIV or reintubation, were made solely by the primary team,
with no involvement from the research team, according to the
clinical protocols of the respective institutions.

Study outcome. After extubation, the patients received
follow-up for 48 h. The primary outcome measure was
successful extubation (ES), defined as the ability to maintain
spontaneous unassisted breathing for >48 h after extubation.
Reinstitution of either NIV or invasive MV within 48 h of
extubation was considered an extubation failure (EF).

Data collection and definitions of candidate predictors for
ES. The original CART model has been described in detail
in a previous study (17). The following candidate predictors
were required to calculate the probability of ES in the valida-
tion set: Rapid shallow breathing index (RSBI) at 1 min of
SBT (RSBI,), change in RSBI at 30 min (ARSBI;,) of SBT
and product of airway occlusion pressure (P,,) and RSBI at
30 min of SBT (P,, x RSBI;,). P,, was measured using the
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Figure 1. Flow diagram of the study protocol, patient distribution and outcome. SBT, spontaneous breathing trial.

ventilator (Evita-4; Driger), according to previously described
methods (23). RSBI was calculated by dividing respiratory rate
(f) by tidal volume (Vt, in liters) and the values were displayed
on the ventilator. At least three measurements were obtained,
separated by an interval of =15 sec, and the mean value was
used for analysis. Differences in RSBI at 30 min during the
60-min SBT (ARSBI;,) were assessed using the ratio of RSBI;,
to RSBI,, expressed as a percentage.

Demographic characteristics (such as age, weight, gender
and comorbid conditions), acute physiology and chronic
health evaluation I (APACHE-II) score on admission, reasons
for MV, and duration of MV prior to SBT were recorded.
Electrocardiogram, heart rate (HR), arterial blood pressure
and oxygen saturation by pulse oximetry (SpO,) were continu-
ously monitored. Arterial blood samples were collected prior
to SBT and at 30 min after extubation, and were immediately
analyzed using an ABL 520 blood gas analyzer (Radiometer
Medical ApS, Copenhagen, Denmark).

Statistical analysis. Data were presented as the mean =+ stan-
dard deviation for continuous and ordinal variables, or medians
(interquartile range) if the data were not normally distributed.

For bivariate comparisons, the Wilcoxon test was used for all
continuous variables, and Fisher's exact test for categorical
variables. As the present study aimed to test the models and
single predictors in a new population, the threshold values
of the three predictors alone to predict ES were the same as
those used or cited in previous relevant studies (2,17,24,25):
P,, x RSBI,,, <328 cmH,O-breaths/min/l; ARSBI;,, <105%;
RSBI,, <105 breaths/min/I.

Model validation. The original CART model was initially
validated (17) by assessing its discrimination and calibration
(agreement between predicted and actual probabilities of ES)
properties in the validation sample. The probability of ES at
each terminal node was calculated using the Laplace correction
method (26,27) using the derivation cohort (17). Subsequently,
the predicted probability of ES was obtainable for each patient
in the validation cohort (P,;), as each patient was ultimately
allocated to one of the five terminal nodes of the original CART
model. Discrimination was assessed by calculating the AUC
and the 95% confidence interval (CI) derived from bootstrap-
ping 1,000 samples. In addition, the sensitivity, specificity,
positive predictive value (PPV) and negative predictive value
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Table II. Criteria for SBT failure, rescue therapy with NIV and immediate reintubation.

Criteria for SBT failure (=1 criterion required)
1. Respiratory rate, >35 breaths/min

2. SpO, <90% in spite of increasing FiO, to 50% or PaCO, >50 mmHg (or increased by =8 mmHg)

3. Significant changes in heart rate, >140 beats/min or a 20% increase or decrease from baseline

4. Systolic arterial pressure, =180 or <90 mmHg

5. Significant arrhythmia, increased premature ventricular beats of >4 beats/min or new onset of sustained supra-ventricular
rhythm (>30 sec)

6. Agitation, anxiety or diaphoresis

7. Clinical signs suggestive of respiratory muscle fatigue, increased work of breathing, or both, such as use of respiratory

accessory muscles, paradoxical motion of the abdomen, or retraction of the intercostal spaces.

Criteria for post-extubation respiratory failure that prompted immediate rescue therapy with NIV (=1 criterion required)
1. PaCO,,>45 mmHg or >20% increase from pre-extubation with pH <7.35

Sp0,, <90% with inspired O, fraction >0.5
Respiratory frequency, >35/min
Decreased consciousness, agitation or diaphoresis

|9 NS I ]

Clinical signs suggestive of respiratory muscle fatigue and/or increased work of breathing, such as the use of respiratory

accessory muscles, paradoxical abdominal motion, or retraction of the intercostal spaces

Major clinical events that prompted immediate reintubation (=1 event required)

Respiratory or cardiac arrest

Massive aspiration
Persistent inability to remove respiratory secretions
Heart rate, <50 beats/min with loss of alertness

Sk W=

vasopressors, or both)

~

Respiratory pauses with loss of consciousness or gasping for air

Severe hemodynamic instability (with a systolic blood pressure <90 mmHg despite adequate volume challenge, the use of

Lack of improvement in signs of respiratory-muscle fatigue despite use of NIV

8. Lack of improvement in pH or in the partial pressure of carbon dioxide or in the SpO, (<90%) despite the administration of

0, and NIV
9. Neurological deterioration

a. Psychomotor agitation inadequately controlled by sedation
b. Decreased consciousness, rendering the patient unable to tolerate NIV

SBT, spontaneous breathing trial; NIV, non-invasive ventilation; SpO,, peripheral capillary oxygen saturation; FiO,, fraction of inspired

oxygen; PaCO,, partial pressure of carbon dioxide in arterial blood.

(NPV) of the model were computed. A true-positive (TP) test
result was defined as one that predicted ES and the extubation
was successful. A true-negative (TN) test result was defined as
one that predicted EF and extubation was unsuccessful. Model
calibration was assessed by generating plots of actual (y-axis)
and predicted probabilities (x-axis) of ES across quantiles of
predicted probabilities (28).

Model updating. To improve the calibration, the original CART
model was updated following standardized procedures. These
included updating or adjusting the intercept, followed by more
extensive updates if necessary, including model revision (20,29).
Initially, the simple recalibration method was used. In brief, a
logistic regression model was fitted with the predicted prob-
ability of the original CART model (P,;) as the only covariate
in the validation set:

y~a + Boverall*log[Odds(y)] (Formula l)

where y is the outcome in the validation cohort (ES=1, EF=0),
a is the updated intercept, P is the calibration slope, and
y is the predicted probability of the original CART model
(P,.). Therefore, the updated model's predicted probabilities
in validation set (P,,) were calculated as follows:

loglodds(P,,)] = a + Boveran Toglodds(¥)] (Formula 2)

Formula 2 can be further transformed into Formula 3:

(Formula 3)

ela+Boperalxloglodds({]}

1+el@+Boveral* loglodds(y)]}

Pyp =

This updating method, known as the simple recalibra-
tion method, preserves the tree structure, but updates the
predictions to obtain calibration-in-the-large (updating of
intercept), and compensates for any overfitting that may have
occurred at model development (Byyean) (20).
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Table III. Primary causes of extubation failure and reintubation [n (%)].

Cause

Reintubation (n=72)

Extubation failure (n=90)

No improvement in signs of muscle fatigue®
Hypoxemia

No improvement in respiratory acidosis
Neurological deterioration®

Excess respiratory secretions
Hemodynamic instability*

25 (34.7) 37 (41.1)
27 (37.5) 31 (34.4)
5(6.9) 7(7.8)
6(8.3) 6 (6.7)
4(5.6) 4 (4.4)
5(7.0) 5(5.6)

*Such as the use of respiratory accessory muscles, paradoxical abdominal motion, or retraction of the intercostal spaces. "Defined as the pres-
ence of at least one of the following: i) Psychomotor agitation inadequately controlled by sedation; and ii) decreased consciousness, rendering
the patient unable to tolerate noninvasive ventilation (NIV). “With a systolic blood pressure <90 mmHg despite adequate volume challenge, the
use of vasopressors, or both. Extubation failure includes re-intubated patients and patients who remained on NIV rescue therapy within 48 h

following extubation.

In this method, there is no need to adjust the effects of
the individual predictors (such as P,, x RSBI;,, ARSBI,,
RSBI,), which is likely to be the primary advantage of the
current method compared with other more extensive updating
methods (20). The performance of the updated model
(discrimination and calibration) was assessed using the afore-
mentioned methods.

Clinical usefulness. Decision curve analysis (DCA) (19) was
used to quantify the clinical usefulness of the updated CART
model. Prediction models often provide a result in continuous
form, such as the probability of an event from 0 to 100%. To
evaluate such a model using decision-analytic methods, the
analyst is required to dichotomize the continuous result at a
given threshold probability (Pt). At each Pt, the net benefit
(NB) of using the model may be calculated using the following
formula (19):

NB = (TP-wFP)/N (Formula 4)

In this formula, TP and FP are the number of patients
with true- and false-positive classification, respectively, N is
the total number of patients and w is a weight equal to the
odds of the threshold probability [Pt/(1-Pt)], being essentially
the relative harm of a false-positive (FP) and a false nega-
tive (FN) classification. In the current model, patients with
predicted probability of ES above and below the Pt were
classified as positive and negative, respectively. Thus, the key
aspect of DCA is that a single Pt may be used to categorize
patients as positive or negative and to weight FP and FN clas-
sifications (19). In practice, it is often difficult to define the
optimal Pt precisely. A decision curve was constructed, which
addresses this problem by assessing the NB of using a model in
supporting decision-making across a full range of Pts (19,30).
To compare the NB of the updated model with extubating
patients according to the current strategy at a specified Pt, the
difference in NB (ANB) and corresponding bootstrap CI were
computed. If the 95% CI did not include zero, then a statisti-
cally significant difference at the 0.05 level was declared (30).

The analyses were performed using SPSS software,
version 21.0.0 (IBM SPSS, Armonk, NY, USA), MedCalc

software, version 12.7.0.0 (MedCalc, Mariakerke, Belgium)
and R software, version 3.0.1 (The R Foundation for Statistical
Computing, Vienna, Austria).

Results

Participating ICUs. The median profile of the 10 participating
ICUs was an 18-bed ICU in a tertiary hospital with 708 beds;
ICUs included a median of 57 patients in the study. No ICU
contributed <5% or >15% of the total sample. During the
6-month study period, 4,539 patients were admitted to the
10 ICUs.

Patient characteristics. As shown in Fig. 1, 530 patients were
finally extubated after a successful SBT. A total of 72 patients
(13.6%) were re-intubated and 18 patients remained on NIV
as rescue therapy within 48 h after extubation. The overall
EF rate was 17%, as EF was defined as a requirement for any
invasive or noninvasive ventilatory support. The reasons for
reintubation and EF are presented in Table III. The case-mix in
the present validation sample differed from that of the deriva-
tion cohort. Patients in the validation cohort were younger, and
presented with an increased APACHE-II score (mean differ-
ence, 1.5; 95% CI, 0.45 to 2.58) compared with the derivation
cohort. The median duration of MV in the validation set was
8 days (6,11), a significant reduction (P<0.001) compared with
10 days in the derivation set (9,14) . Relative to the derivation
sample, the external validation sample represented a more
diverse population in terms of disease spectrum and settings
(two medical ICUs, two surgical ICUs, three general ICUs, one
neurosurgical ICU and two coronary care units). Furthermore,
the validation sample included a higher proportion of patients
with acute respiratory distress syndrome (ARDS; 16.2 vs.
6.6%, P=0.02) and a decreased proportion of patients with
chronic obstructive pulmonary disease (COPD; 8.5 vs. 35.2%,
P<0.001) compared with the derivation sample (Table IV).
Respiratory variables during SBT are presented in Table V.

Model validation. In the validation cohort, the original CART
model showed high discrimination (AUC, 0.91; 95% CI, 0.87
to 0.93), but moderate calibration, with a substantial mismatch
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Table IV. Demographics and clinical features of the validation
cohort.

Parameter Validation cohort (n=530)
Age (years) 67 (60,72)
Gender [male (%)] 315(59.4)
APACHE 1I score 21.5+49
PSV (cmH,0) 11.3x1.8
MBP (mmHg) 89.7+8.8
Duration of MV (days) 8(6,11)
PaO,/FiO, (mmHg) 26178
PaCO, (mmHg) 41+7
HR (beats/min) 84+15
Extubation failure [n (%)] 90 (17.0)
Reason for MV [n (%)]
COPD 45 (8.5)
Pneumonia 122 (23.0)
Septic shock 73 (13.8)
ARDS 86 (16.2)
Congestive heart failure 70 (13.2)
Postoperative acute 36 (6.8)
respiratory failure
Multiple trauma 45 (8.5)
without brain injury
Cardiac arrest 4 (0.8)
Neurological disease 49 (9.2)

Data expressed as the mean + standard deviation or as the median
(interquartile range) if the data were not normally distributed.
APACHE 11, acute physiology and chronic health evaluation; PSV,
pressure support ventilation; MBP, mean blood pressure; MV,
mechanical ventilation; PaO,, partial pressure of oxygen in arterial
blood; FiO,, fraction of inspired oxygen; PaCO,, partial pressure
of carbon dioxide in arterial blood; HR, heart rate; COPD, chronic
obstructive pulmonary disease; ARDS, acute respiratory distress
syndrome.

between predicted and actual probabilities over the entire
range of probabilities (Fig. 2A). A substantial improvement
in the calibration was observed when the simple recalibra-
tion method (20) was used, obviating a clear requirement
for more extensive updating methods. The calibration plot
of the updated CART model exhibited an intercept of O and
a calibration slope of 1, suggesting near-perfect calibration
(Fig. 2B). The predicted probability of ES for an individual
patient could be estimated using the updated CART model
(Fig. 3).

The updated CART model clearly exhibited similar
discriminative ability to the original CART model in the vali-
dation set, with identical AUC significantly higher compared
with any single predictors alone (P<0.001; Table VI). If a
predicted probability >0.49 (determined by Youden index)
was used as cut-off point for predicting ES, the updated
CART model had a sensitivity of 93.4% (95% CI, 90.7-95.4), a
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Figure 2. Calibration plots of the CART models for predicting successful
extubation in the validation cohort (n=530). Predicted probabilities are on the
x-axis and observed outcomes on the y-axis. The triangles indicate the actual
probabilities by quintiles of predicted probabilities, with vertical lines rep-
resenting 95% confidence intervals. The diagonal dashed line represents the
ideal calibration (intercept=0, slope=1). (A) Original CART model without
updating and (B) the CART model updated with the simple re-calibration
method. Note that the original CART model's predicted probabilities in the
validation set are systematically too low and the resulting updated model
showed excellent calibration. CART, classification and regression tree.

specificity of 80.3% (95% CI, 70.6 to 87.1%) and a diagnostic
accuracy of 91.1% (95% CI, 88.7 to 93.6) (Table VI).

DCA. The results of the DCA analysis are presented in
Fig. 4 and Table VI. The updated CART model displayed an
improved NB compared with the ‘current strategy’, ARSBI;,
RSBI;, and P, x RSBI;, across a range of clinically plausible
Pts (50 to 80%).

Discussion

The accurate prediction of extubation outcome remains
challenging. Using a multicenter prospective cohort of
mechanically ventilated patients in 10 Chinese ICUs, the
previously developed CART model (17) was externally vali-
dated to predict ES after a successful SBT, and to propose
an updated version of this model to improve calibration. The
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Table V. Baseline characteristics and respiratory variables during the SBT in the validation cohort (n=530).
Parameter Extubation faliure (n=90) Extubation success (n=440) P-value
Age (years) 69 (65.74) 67 (59.72) 0.04
APACHE 1I score 21.4+54 21.5+4.8 0.447
MBP (mmHg) 88.6+9.3 89.8+8.7 0.17
HR (beats/min) 86.6+15.7 82.8+15.8 0.035
Duration of MV (days) 9(7,12.3) 8 (6,11) 0.05
1 min of SBT

RSBI, (breaths/min/I) 91+32 75+36 <0.001

P,, x RSBI, (cmH,O-breaths/min/I) 336+160 217+145 <0.001
30 min of SBT

RSBI;, (breaths/min/I) 107+36 69+31 <0.001

P, , x RSBI;, (cmH,O-breaths/min/I) 443+163 218+132 <0.001

ARSBI;, (%) 125+59 99+36 <0.001
60 min of SBT

RSBI, (breaths/min/I) 104+57 67+34 <0.001

P, x RSBI, (cmH,O-breaths/min/I) 420+251 211£133 <0.001

Data expressed as the mean + standard deviation or as the median (interquartile range) if the data were not normally distributed. SBT, spon-
taneous breathing trial; APACHE II, acute physiology and chronic health evaluation; MBP, mean blood pressure; HR, heart rate; P, airway
occlusion pressure; P,; x RSBI, product of airway occlusion pressure and RSBI; RSBI,, rapid shallow breathing index at n min;ARSBI;,
change in RSBI at 30 min of SBT, expressed as a percentage of RSBI;, to RSBI,.

Table VI. Performance of the original and updated models and other single predictors in predicting successful extubation in the
validation cohort (n=530).

CART model

Variable RSBI;, ARSBI;, P,, x RSBI;, Original Updated
AUC 0.69 (0.65t00.73) 0.70 (0.65t00.73)  0.83 (0.79t0 0.86) 0.89 (0.87 t0 0.93)*¢  0.89 (0.87 t0 0.93)¢

Ref. z=0.09, P=0.93 z=5.15,P<0.001 z=7.75,P<0.001 z=7.75,P<0.001
Sensitivity* 855(819t0884) 72.7(684t076.7) 764 (72.2t080.1) 93.4(90.7t0954) 934 (90.7t0954)
Specificity® 522 (42t062.2) 65.6 (553 t074.6) 88.9(80.7 t0 93.9) 80.3 (70.6t0 87.1)  80.3 (70.6 to 87.1)
PPV 89.7(86.5t092.3) 912 (87.7t093.7) 97.1 (94.8t098.4) 95.8(93.5t097.3) 95.8(93.5t097.3)
NPV 423 (33.6t051.6) 330(265t040.1) 43.5(36.51t050.7) 713 (61.8t079.2) 713 (61.8t079.2)

NB (Pt=50%)"
NB (Pt=75%)"
NB (Pt=80%)

0 (-0.68 to 0.83)
14.5 (6.6 t0 22.2)
233 (10.8 to 27.7)

0 (-0.02 t0 0.01)
10.7 (2.0 to 19.4)
21.8 (6.3 to 27.6)

0 (-0.47 to 0.57)
25.6 (15.2 t0 35.2)
40.7 (22.5 to 45.7)

8.0 (4.86 to 12.7)
353 (26.2 to 44.2)
489 (324 10 53.3)

8.0 (4.86 to 12.7)
353 (26.2 to 44.2)
489 (32410 53.3)

“Threshold values of each single predictor for predicting successful extubation were: RSBI;,, <105 breaths/min/l; ARSBI;;, <105%; and
P,; x RSB, =328 ¢mH,O-breaths/min/l end-diastolic volume. "Compared with the current strategy: Patients who successfully pass the
spontaneous breathing trial (SBT) should be extubated if neurological status, excessive secretions, adequate cough and airway obstruction
are not issues. ‘P<0.001 vs. ARSBI;, and “P<0.001 vs. Py, x RSBI,,. The optimal threshold values of the two models to predict successful
extubation were: Predicted probability >0.4 for the original CART model and predicted probability >0.49 for the updated CART model. Values
in parentheses are 95% confidence intervals. RSBI;, rapid shallow breathing index at 30 min of SBT; ARSBI;,, change in RSBI at 30 min of
SBT, expressed as the percentage of RSBI;; to RSBI,; Py, x RSBI;;, product of airway occlusion pressure and RSBI at 30 min of SBT; CART,
classification and regression tree; AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative
predictive value; NB, net benefit; Pt, threshold probability; Ref., reference value for AUC comparisons.

updated CART model outperformed the use of the single
predictors alone and the current strategy with regard to the
clinical NB.

Validations of predictive models are necessary to verify
their generalizability to new sites, as performance in the
original data may be optimistic; however, temporal and
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Validation cohort, n=530
Success=440 (83%)

Po.1 *RSBI;0<474 cmH-0-breaths/min/l
(n=446)
Success=403(90.4%)

Po.1 *RSBI5¢>474 emH,0-breaths/min/l
(n=84)
Success=47(56%)

P[]_| XR‘;B]‘\(JS:;?-R PU.l xRSB[\{P328
emH>O-breaths/min/l cmH>0-breaths/min/l
(n=346) (n=100)
Success =336 (97.1%) Success=67(67%)

/ARSBI;,<98% /ARSBI30>98%
(n=37) (n=47)

Success=33(89.2%) Success=4(8.51%)

Predicted probability

97%

Predicted probability Predicted probability
83% 8.26%

RSB, =112(breaths /min/l)
(n=46)
Success=42 (91.3%)

Predicted probability
90.7%

RSB, <112(breaths /min/1)
(n=54)
Success=25 (46.3%)

Predicted probability
49%

Figure 3. Updated CART model to estimate the predicted probability of successful extubation after a successful spontaneous breathing trial (SBT) of indi-
vidual patients. Double-framed boxes indicate terminal nodes. The percentage of patients extubated successfully in all nodes are displayed. The predicted
probability of successful extubation is shown below each of the five terminal nodes. Success, successful extubation; failure, extubation failure; RSBI, rapid
shallow breathing index; RSBI,, RSBI (f/V, where f, respiratory rate and V-, tidal volume) calculated at 1 min of the SBT; P, ,, airway occlusion pressure;
P, x RSBI,, product of P, ; and RSBI calculated at 30 min of SBT; ARSBI;,, (RSBI;/RSBI, x 100), assessed as the percentage of the RSBI at 30 min (RSBI;,)

to RSBI at 1 min of SBT (RSBI,); CART, classification and regression tree.

external validation studies are limited (16). Prediction models
that are not validated are typically not sufficiently developed
for clinical application (18). Models predicting ES are usually
submitted only to internal validation by the bootstrapping (14)
or split-sample method (31). Results are often accepted
without sufficient regard to the importance of external valida-
tion (16,20), limiting the generalizability of a prediction model
to future settings. To the best of our knowledge, the current
study is the first to validate a prediction model for extubation
outcome based on a multi-center population.

It has been suggested that a formal validation study should
consist of an adequate sample of different but related patients
compared with the derivation population. This standard
required for the validation of a prediction model (20) has been
fulfilled in the present study. In this study, the group of patients
used for the validation of the CART model differed in numerous
aspects, such as age, APACHE-II score and prevalence of
disease, from the group of patients used for derivation. This
is known as a difference in case-mix. However, this difference

in case-mix, may result in the poor calibration of the original
model in the validation population (20,29). As demonstrated
in Fig. 2A, the original CART model systematically underes-
timated the probabilities of ES. This type of miscalibration,
with a slope ~1 and a non-zero intercept, is a typical result
in external validation studies, as described by Steyerberg (20).
This result indicates that certain patient characteristics (such
as age, APACHE-II score and prevalence of disease), which
were not included in the prediction model, were distributed
differently between the derivation and validation set (20,29).
In such cases, a simple recalibration method is often sufficient
and preferable (20,29). As expected, the model updated with
this simple recalibration method showed excellent calibration
(Fig. 2B), indicating that the updated CART model was able
to provide accurate predicted probabilities of ES in the new
population.

Newly collected patient data are often used to develop
a new prediction models instead of validating an existing
model (29,32,33) if a model exhibits worse performance
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Figure 4. Decision curve analysis (DCA) for prediction of successful extu-
bation (ES; n=530). The net benefit (NB) of the updated CART model and
single predictors is plotted against the threshold probability (Pt); patients
with predicted probability of ES above the threshold are classified as posi-
tive. The zero reference line (extubation in none) represents the strategy of
assuming all patients will fail the extubation and thus extubating none of
them, whilst the line labeled current strategy represents the extubation of all
patients having successfully passed the SBT if neurological status, excessive
secretions, adequate cough and airway obstruction were not issues. ANB is
the difference in net benefit between a specific model (or a specified single
predictor) and the current strategy at a single Pt. SBT, spontaneous breathing
trial; CART, classification and regression tree; RSBI;, rapid shallow
breathing index at 30 min of SBT; ARSBI;, change in RSBI at 30 min of
SBT, expressed as a percentage of RSBI;, to RSBI,.

in another population. This may lead to a loss of previous
scientific information captured in the previous (development)
study, which is counterintuitive to the notion that inferences
and guidelines to enhance evidence-based medicine should
be based on as much information as possible (34). A superior
alternative to redeveloping new models in each new patient
sample is to update existing prediction models and adjust or
recalibrate them to the local circumstances or setting of the
validation sample under investigation (29,34,35). Validation
and updating, as conducted in the present study, may lead
to more stable and generalizable prediction models, since
updated models combine the information captured in the orig-
inal model with information from new individuals (32,36,37).
Therefore, validation and updating may be preferable to the
development of new models.

Notably, the updated CART model produced an identical
AUC (0.91) to the original one. This similar discriminatory
ability may be explained by the simple re-calibration method
employed to update the original CART model (20). This updating
strategy preserves the tree structure, but re-estimates the predic-
tions of the outcome in each of the five terminal nodes of the
original CART model. This updating method involves refitting
the intercept to produce an average predicted probability equal
to the observed overall event rate and, if necessary, the calibra-
tion slope (overall weights of the predictors) (20,29,32). This
method would not alter the relative ranking of the predicted
probabilities (20,29,34,38), and thus would not affect a model's
discrimination. However, the updated CART model, which
exhibited near-perfect calibration, remains preferable compared
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with the original. Furthermore, the evaluation of calibration is
more important if model predictions are used to inform patients
or physicians to make clinical decisions (20,30,32).

The original and updated CART models were able to
discriminate effectively, with an identical AUC (0.91) that
was significantly higher compared with any single predictive
factor alone (such as RSBI, P, x RSBI,) in this validation
cohort. In the present study, EF occurred in 17% (90/530)
of the extubated patients who completed the SBT and were
judged appropriate by their physician for the extubation. If
a predicted probability >0.49 (determined by Youden index)
was used as cut-off point for predicting ES (Table VI), the
updated CART model correctly predicted extubation outcome
in 91.1% of patients that successfully passed the SBT, with a
sensitivity of 93.4, a specificity of 80.3 and AUC of 0.91, iden-
tifying 72/90 EF patients. In total, 11/18 EF patients were not
identified by the model; however, EF in these cases occurred
for reasons other than acute respiratory failure or respiratory
distress, such as neurological deterioration or excess respira-
tory secretions. Indeed, the etiology of EF influences outcome,
with the highest mortality for respiratory failure or respiratory
distress (8). Among the EF patients in the present study, 83%
exhibited acute respiratory failure or respiratory distress as
the reason for EF, which is consistent with a prior study (8).
The updated CART model identified 91% of patients with EF
resulting from respiratory failure or respiratory distress, which
may be clinically useful.

The CART model possesses a number of clear advantages.
First, the updated CART model (Fig. 3) is practical as it is
simple to use, easy to remember with a graphical presentation,
does not require any calculations and may be applied anywhere
in an ICU. By contrast, traditional models based on logistic
regression are complicated to use, require extensive calcula-
tion and may not be practical for application in ICUs that have
a large workload. Second, the CART model consists of three
clearly defined predictors that do not require any subjective
interpretation. Third, the generalizability of the CART model
is supported by its external validation and updating in diverse
clinical settings. The more numerous and diverse the settings
in which the model is demonstrated to be valid, the more
likely it is that the model will be applicable to an untested
setting (15). Indeed, the updated model combines the infor-
mation captured in the original model with information from
new individuals. Hence, the updated CART model is based on
data used in the development and validation studies, further
improving its stability and generalizability (20,29). Fourth, the
patients included in the present study sample represent a broad
disease spectrum, including the majority of diseases leading to
invasive MV, including postoperative acute respiratory failure,
multiple trauma, cardiac arrest, neurological disease, conges-
tive heart failure, ARDS, septic shock, pneumonia and COPD.

As the CART model has been validated and updated in
a new patient population with a varying case-mix, the final
CART model for predicting ES appears to be robust, stable,
and reliable. We classify our model that was validated across
diverse medical settings as level 2 on the hierarchy (15). Level 2
should be, ideally, followed by impact evaluation (level I).
The current data suggest that strict application of the updated
CART model in the studied patient population would reduce
the incidence of EF from 17 to 3.4%, but increase the occur-
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rence of unnecessarily delayed extubation from O to 5.4%. As
unnecessarily delayed extubation and EF are associated with
increased mortality, traditional metrics, such as sensitivity,
specificity and AUC, are unable to determine whether the
CART model is sufficiently accurate to be beneficial in a
clinical context (19). Decision-analytic methods incorporate
consequences and, in theory, may resolve this ambiguity. For
example, if a clinician assumes that the harm associated with
an unexpected EF (FP classification) is equal to the harm of
unnecessary delay in extubation (FN classification), then w=1
and Pt=0.5. The NB of 0.08 at a Pt of 50% can be interpreted
in terms that extubating patients according to our updated
CART model, compared with using the current strategy,
leads to the equivalent of a net 8.0 TP results per 100 patients
without an increase in the number of FP classifications. The
NB formula (19) calculates that this is the equivalent of a net
8.0 fewer false-positive results per 100 patients. In other words,
use of the updated CART model may lead to the equivalent
of a 8.0% reduction in the number of patients experiencing
EF, with no increase in the number of patients with extuba-
tion being delayed unnecessarily. It may be difficult to define
this threshold in practice; therefore, a full range of Pts were
considered. The updated CART model is improved compared
the current strategy across a wide range of Pts (50 to 80%).

It is crucial to emphasize that the CART model is not able
to predict EF caused by airway protection issues. Adding
factors of airway competence (such as cough strength and
secretion volume) may have improved the performance
of the model. However, in recent studies of extubation
outcome (6,8,12,22,24,39), the authors reported that retained
secretions and/or weak cough accounted for only 6.2% (range,
0 to 9.9%) of the EFs, which is consistent with the present
results. The low frequency of abundant secretions in these
studies suggests that a number of years after the increased risk
of EF in the presence of copious secretions and weak cough
was initially reported, physicians are proficient at extracting
principles that emerge from research studies and incorporating
them into everyday clinical practice. Thus, adding these quanti-
tative measures of cough strength and quantity of endotracheal
secretions is unlikely to produce a substantial improvement in
the performance of the updated CART model.

A number of limitations of the present study require consid-
eration. First, as with all observational studies on extubation
outcome, a selection bias may have occurred, as the predefined
criteria for reintubation included certain subjective indices,
including ‘agitation’, ‘massive’ and ‘decreased consciousness’.
However, decisions regarding reintubation in the ICUs were
made by board-certified intensive care specialists using the
standard policy in the institutions. Furthermore, the reintuba-
tion and EF rates (17%) in the present study are consistent with
those observed in previous studies (4,6,8). Although never
subjected to rigorous cost/benefit analyses, reintubation rates
of 5t020% are generally considered reasonable, and are typical
for the majority of effectively managed ICUs (3,40). That the
CART model reintubation rate (13.6%) falls within this range
suggests that the impact of this selection bias on the results
was minimal. A second limitation was that the present study
was conducted in a limited number of centers within a single
country. The level of generalizability of the present results to
other institutions that have differences in case-mix is not clear.
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However, the CART model has been validated and adjusted
in a new population with a wide spectrum of disease across
diverse medical settings, further improving its stability and
generalizability. Therefore in theory the CART model may be
applicable to other clinical settings with a high degree of confi-
dence (15). However, external validation is a dynamic process
and a number of issues remain unresolved. For example, it
is not obvious when a model may be considered sufficiently
validated and updated. The extent to which this process of
model validation and adjustment requires continuation prior
to clinical application, will depend on the context (32), and
general rules are as yet unavailable. Considering the limited
number of centers involved in the present validation study, the
updated CART model may require further repeated validation
studies in hospitals or institutions of other geographical areas,
preferably from different countries, to improve its stability and
generalizability. Third, a selection bias may have been present,
as the use of ATC has the potential to allow marginal patients
to tolerate the SBT, who may subsequently develop ventilatory
failure following extubation. However, Elsasser ef al observed
that the built-in commercial ATC may provide adequate inspi-
ratory tube compensation with minimal overassistance (41).
This conclusion is further supported by the observation that
the reintubation rate in the present study (13.6%) is comparable
with that reported from other trials assessing outcome after
SBTs (4,6,8).

The original CART model discriminated effectively between
patients that were extubated successfully following an SBT and
those who were not; however, in the present validation set, cali-
bration was modest. The model was improved using a simple
re-calibration method. The updated CART model represents
a simple approach that may be used by clinicians to estimate
the predicted probability of ES following a successful SBT for
individual patients. The clinical consequence of applying the
updated CART model appears to be substantial in terms of the
potential reduction in unexpected EF. Future studies are required
to further validate and, if required, update the CART model
in hospitals or institutions of other geographical areas, within
China or across countries, that have differences in case-mix, as
the reliable prediction of the probability of ES after a successful
SBT is of substantial practical value.
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