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Abstract

Artificial Intelligence and machine learning (ML) methods are promising for risk-stratification, but the added benefit over
traditional statistical methods remains unclear. We compared predictive models developed using machine learning (ML)
methods to the Canadian Syncope Risk Score (CSRS), a risk-tool developed with logistic regression for predicting serious
adverse events (SAE) after emergency department (ED) disposition for syncope. We used the prospective multicenter cohort
data collected for CSRS development at 11 Canadian EDs over an 8-year period to develop four ML models to predict 30-day
SAE (death, arrhythmias, MI, structural heart disease, pulmonary embolism, hemorrhage) after ED disposition. The CSRS
derivation and validation cohorts were used for training and testing, respectively, and the 43 variables used included demo-
graphics, medical history, vital signs, ECG findings, blood tests and the diagnostic impression of the emergency physician.
Performance was assessed using the area under the receiver-operating-characteristics curve (AUC) and calibration curves.
Of the 4030 patients in the training set and 3819 patients in the test set overall, 286 (3.6%) patients suffered 30-day SAE. The
AUC:s for model validation in test data were CSRS 0.902 (0.877-0.926), regularized regression 0.903 (0.877-0.928), gradient
boosting 0.914 (0.894-0.934), deep neural network 0.906 (0.883-0.929), simplified gradient boosting 0.904 (0.881-0.927).
The AUCs and calibration slopes for the ML models and CSRS were similar. Two ML models used fewer predictors than
the CSRS but matched its performance. Overall, the ML models matched the CSRS in performance, with some models
using fewer predictors.
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Introduction
Background

Machine learning (ML) and artificial intelligence (AI)
have recently received significant attention and have been
described as the “next major technologic breakthrough
to affect health care delivery” [1]. One of the most cited
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Importance

Traditional risk-tool development has been based on a
logistic regression applied to prospectively collected
research data, typically a few thousand patients. ML
methods allow computers to identify and learn complex
patterns in large data sets and use such patterns to make
predictions in new cases [28] . In principle, ML methods
have the potential to outperform logistic regression mod-
els by capturing non-linear relationships and interactions
among predictors. On the other hand, ML models typi-
cally require larger sample sizes for stability, reliability
and proper fit because of their increased flexibility [29].
Some prior studies using retrospective data found little
benefit with ML methods [30]. It is unclear how beneficial
ML models will be in the development of generalizable
predictive rules based on prospectively collected research
data and as far as we are aware, a direct comparison of an
established, high-quality risk stratification tool to a ML
based tool derived using the same data set has not yet
been attempted.

Goals of this investigation

One risk tool that was previously derived and validated
is the Canadian Syncope Risk Score (CSRS; Fig. 1) that
predicts the 30-day risk of serious adverse event (SAE;
e.g. death, arrhythmia, hemorrhage) after an ED visit
for syncope [31, 32]. The objective of this study was to
derive and validate modern ML predictive models using

Category Points |
Clinical Evaluation

Predisposition to vasovagal symptoms -1
History of heart disease 1
Any systolic pressure reading <90 or > 180 mm 2
Hg

Investigations

Troponin level elevated > 99% or normal 2
population

Abnormal QRS axis (<-30° or > 100°) 1
QRS duration > 130 ms

Corrected QT interval > 480 ms 2
Diagnosis in Emergency Department

Vasovagal syncope -2
Cardiac syncope 2

Total Score (-3 to 11) |

Fig. 1 Canadian Syncope Risk Score to identify patients with syn-
cope at risk of serious adverse events within 30 days after disposition
from the emergency department
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the original CSRS data and compare their performance to
the traditional logistic regression model, the CSRS.

Methods
Study setting and population

Our study was a secondary analysis of the original data
collected for CSRS development through two prospective
cohort studies detailed below [31, 32].

Derivation and validation of the CSRS

The derivation phase of the CSRS enrolled 4322 adult
patients who presented to one of six Canadian EDs (a list
of participating EDs is shown in Appendix 1) within 24 h
of syncope from September 2010 to February 2014. After
excluding those who had a serious condition identified dur-
ing the index ED evaluation and those lost to 30-day follow-
up, the CSRS was derived with data from 4030 patients.
The tool was derived to predict any one of the listed SAE
(Appendix 2) within 30-days of ED disposition. A total of
147 (3.6%) patients suffered 30-day SAE.

An initial list of 43 candidate predictors (Table 1) were
considered, of which 23 variables were selected for multi-
variable logistic regression by excluding those with sparse
distribution, large proportion of missingness, unacceptable
interobserver agreement values and non-significance on
bivariate analysis. The final model included nine predictors
and optimism corrected area under the receiver-operating-
characteristic curve (AUC) was 0.87 (95% CI 0.84-0.89).
The regression coefficients were translated into scores.

The validation phase of the CSRS [32] enrolled adult syn-
cope patients at nine Canadian EDs between March 2014
to April 2018. After exclusions, 3819 ED patients were
included in the final analysis and 139 (3.6%) patients expe-
rienced 30-day SAE. The AUC of the CSRS in the validation
cohort was 0.91 (95% CI 0.88-0.93). The calibration slope
was 1.0 indicating accurate risk estimation for patients in
the validation cohort.

Data used to develop the ML models

We used the same 4030 patients in the derivation phase to
train and 3819 patients in the validation set to test the ML
models. All 43 predictor variables that were considered for
CSRS derivation (Table 1) were included. The CSRS deri-
vation excluded many predictors prior to analysis based on
selection criteria as described above, but these predictors
were included in our ML analysis because ML methods
are designed to handle many predictors. As in the CSRS



Internal and Emergency Medicine

Table 1 List of 43 predictors considered for inclusion in the CSRS

24 categorical predictors
Sex

6 Syncope characteristics: Witnessed, Palpitations prior to the syncope, syncope while sitting or lying or exertion, predisposition to vasovagal
symptoms (warm-crowded place, prolonged standing, fear, emotion or pain), presence of prodrome (dizziness, light-headedness, vision
changes, nausea or vomiting), or presence of orthostatic symptoms prior or after the syncope

2 Medical history predictors: heart disease (history of any one of the following: coronary or valvular heart disease, cardiomyopathy, conges-
tive heart failure or non-sinus rhythm—ECG evidence during the index visit or documented history of ventricular or atrial arrhythmias, or
device implantation); or vascular disease (history of transient ischemic attack, cerebrovascular accident or peripheral vascular disease)

2 Family history predictors: congenital heart disease or sudden death

2 Final ED diagnosis predictors at disposition: vasovagal or cardiac with other diagnosis as the reference variable and includes cause

unknown

Troponin > 99th percentile of the normal population

10 ECG predictors: 5 blocks (right bundle branch block, left bundle branch block, left anterior fascicular block, left posterior fascicular
block, bifascicular block [right bundle branch block + left fascicular block either anterior or posterior, or bundle branch block + first degree
atrioventricular block); axis deviations—Ieft or right; ventricular hypertrophy—right or left; or presence of old ischemia

19 Continuous Predictors

Age

11 ED vitals: Triage, highest and lowest systolic and diastolic blood pressures; triage, highest and lowest pulse rates, triage respiratory rate

and oxygen saturation

4 laboratory values: hemoglobin, hematocrit, urea and creatinine levels
3 ECG predictors: QRS axis, QRS duration, and corrected QT interval

This is the same list of predictors that were used in our ML models

development, troponin levels were dichotomized at the 99th
percentile threshold for the normal population.

The outcome to be predicted by the ML models was the
same 30-day composite outcome after ED disposition used
for the CSRS development which included any of the follow-
ing serious adverse events: death, arrhythmia, myocardial
infarction, serious structural heart disease, aortic dissec-
tion, pulmonary embolism, severe pulmonary hypertension,
severe hemorrhage, subarachnoid hemorrhage and any other
serious condition causing syncope and procedural interven-
tions for the treatment of syncope (such as pacemaker inser-
tion). More details about the composite outcome are avail-
able in Appendix 2.

Data analysis

We used descriptive analysis with mean, standard deviation
(SD), and range for continuous variables and proportions
for categorical variables [31, 32]. Correlations between the
43 predictor variables were assessed using Spearman cor-
relation coefficients.

Where a patient’s age was missing, it was imputed as the
median age of the training data set. The categorical vari-
ables in Table 1, such as troponin and ECG findings, were
imputed based on the assumption that if data for one of these
variables were missing, the condition described by that vari-
able was absent. This is the same imputation strategy that
was used in the CSRS derivation and validation phases. The
other continuous variables in Table 1 were imputed by linear

regression based on the age and sex of each patient. The
regression models used for this imputation were fit on the
training data only and then applied to both the training and
the test data.

We developed four competing ML models that use the
predictors to provide an estimated probability of the out-
come: a regularized regression model, a gradient boosting
model, a simplified gradient boosting model using only
a small number of predictors and a deep neural network
model.

Details of ML modeling

The regularized regression model was developed in two
stages. First, to handle potential correlations among the 43
predictors, a least absolute shrinkage and selection operator
(LASSO) regularized logistic regression was used for vari-
able selection. Second, a ridge regularized logistic regres-
sion model was trained using only the predictors selected by
the LASSO regression. Class weights inversely proportional
to the frequencies of the outcome were used because of the
imbalanced nature of the data set. The gradient boosting
model used regression trees with deviance loss. The gra-
dient boosting and deep neural network models used all
43 predictors. The deep neural network model contained
three fully connected hidden layers with rectified linear unit
(RELU) activation, binary cross-entropy loss and an Adam
[33] optimizer. A dropout layer was included for improved
regularization. All the ML models were trained using either
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Platt’s or an isotonic calibration method. A grid search was
performed using threefold cross validation to choose optimal
hyperparameters.

The simplified gradient boosting model was produced by
performing backward predictor selection, sequentially reduc-
ing the number of predictors in the gradient boosting model
by dropping the least important predictors until the test-set
AUC began to drop significantly. The performance char-
acteristics of the resulting simplified model were reported
along with the other models described above.

Assessment of ML model performance

The relative importance of the predictors for each of the
models was assessed using beta coefficients for the regular-
ized logistic regression. Permutation feature importance [34]
was used for the gradient boosting and deep neural network
models. To deal with multicollinearity, clusters of predic-
tors with correlation coefficients > 0.45 were defined and the
least important predictors were sequentially removed from
each of these clusters to identify a single representative
predictor in each cluster before performing a permutation
feature importance analysis with the rest of the predictors.
The ML models were compared to the CSRS using four
approaches: receiver-operator characteristic curve (ROC)
analysis, calibration curves, Brier scores, and decision curve
analysis (DCA). We used 5000 bootstrap samples from test
data to calculate the Brier score, and the AUC with 95% con-
fidence intervals and t-tests to assess the difference between

the mean AUCs for the different models. We generated cali-
bration curves and used a linear fit to assess the slope and
intercept for each of the models. The Brier score is sensitive
to both the discriminatory power of a model and the quality
of its calibration. To compare the potential clinical implica-
tions of using the various models, a decision curve analysis
(DCA) was carried out [35, 36].

Results

There were 4030 patients in the training set and 3819
patients in the test set. Overall, 286 (3.6%) of these patients
suffered the study outcome (Table 2).

We identified five clusters of predictors with Spearman
correlation coefficient> 0.45 as shown in Appendix 3. There
were no other moderate or strong correlations among the 43
predictors. The proportions of patients with data missing
in the training and test datasets are detailed in Appendix 4.
Only three variables had a missingness of >25% in the train-
ing set (family history of congenital heart disease, family
history of sudden death and a troponin level > 99 percen-
tile of the normal population). For each of these categorical
variables, a missing value is far more likely to represent an
absence of the condition than vice-versa. All missing data
were imputed as detailed in the methods section.

ROC curves for the CSRS and the ML models are
shown in Fig. 2. Table 3 shows the performance charac-
teristics of the models. Figure 2 suggests that the gradient

Table 2 Characteristics,
emergency department
management and outcomes of
patients in the training set (the
CSRS derivation set [31]) and

Variable

Training set (CSRS
derivation set)

No. (%) of patients
n=4030

Test set (CSRS validation set)
No. (%) of patients
n=3819

the test set (the CSRS validation

Age in year, mean + SD [range]
set [32]) £ Y £

Female

Arrival by ambulance

Medical history
Hypertension
Diabetes mellitus
Coronary artery disease
Atrial fibrillation or flutter
Valvular heart disease

Congestive heart failure

53.6+23.0 [16-102] 53.9+22.8 [16-101]

Management in emergency department

Electrocardiography
Blood tests
Hospitalized

Outcome

Serious adverse event during index visit

hospitalization

Serious adverse event after the index visit

2238 (55.5) 2088 (54.7)
2590 (64.3) 2396 (62.7)
1292 (32.1) 1113 (29.1)
402 (10.0) 424 (11.1)
476 (11.8) 397 (10.4)
291 (7.2) 243 (6.4)
137 (3.4) 115 (3.0)
152 (3.8) 90 (2.4)
3834 (95.1) 3705 (97.0)
3446 (85.5) 3091 (80.9)
381 (9.5) 335 (8.8)
86 (2.1) 85 (2.2)

61 (1.5) 54 (1.4)
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Receiver-Operator Characteristic Curves
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Fig.2 Comparison of receiver-operator characteristic curves for
machine learning models and the CSRS

boosting model exhibited improved discrimination com-
pared to the CSRS in a range of risk-thresholds where
the sensitivity is 0.90-0.97, but that all models perform
similarly when the sensitivity is required to be higher than
0.97. There was no statistically significant difference in the
overall AUC among the ML models and the CSRS.
Calibration curves for the models are shown in Appen-
dix 5. Slopes of the calibration curves, as extracted using
linear regression, are shown in Table 3. All models had
calibration slopes close to 1 with intercepts near 0 and
high adjusted R2. The Brier scores of all models are shown
in Table 3. All models were reasonably well calibrated.
Because the outcome occurs in only 3.6% of the cases in
the test set, calibration assessments are sensitive to the
choice of how probabilities are binned when creating the
calibration curves and for this reason we do not report

Table 3 Performance characteristics of the models in the test set

t-test results for comparisons between the Brier scores of
the different models.

Decision curves are shown in Appendix 6 and suggest
that there would be a potential benefit to using the gradient
boosting model if the true ideal risk-threshold for interven-
tion (admission or consultation in the ED) is in the range
5-20%. Otherwise, the curves of the ML models and the
CSRS were similar.

The nine most important predictors for each model are
shown in Table 4. Many of the most important predictors
were similar between the models. The regularized regression
model and the simplified gradient boosting model use only
seven and eight predictors, respectively. rather than the nine
predictors used by the CSRS but had similar performance
characteristics in the test set.

Discussion

Based on the same data used to derive and validate the
CSRS, we produced four models using modern ML methods
to predict 30-day SAE after ED disposition. To our knowl-
edge, this study is the first to directly compare a validated
traditional risk stratification tool and ML models derived
using the same prospective dataset.

The ML models matched the performance of the CSRS
in all global performance measures and we observed a trend
toward improved performance under certain conditions.
Decision Curve Analysis suggests an increased net clinical
benefit with use of the ML models as compared to the CSRS
if the ideal risk-threshold for ED specialist consultation or
admission lies between 5 and 20%. Additionally, two of the
ML models (the regularized regression model and the sim-
plified gradient boosted decision tree model) matched the
performance of the CSRS despite using fewer predictors.

In summary, our work shows that ML methods can match
the performance of the CSRS and two of our ML models do
so using fewer predictors than the CSRS. These findings sug-
gest that ML methods are a viable alternative to traditional
approaches in the development of clinical decision rules

Area under the curve (95% CI) Brier score (95% CI)

Slope [intercept]
(adjusted R?) of calibra-

t statistic*  p value*

tion curve
Canadian syncope risk score model 0.902 (0.877-0.926) 0.029 (0.025-0.034) 1.36 [—0.03] (0.980) Reference Reference
Regularized regression 0.903 (0.877-0.928) 0.028 (0.024-0.032)  1.08 [—0.02] (0.973) 0.075 0.94
Gradient boosting 0.914 (0.894-0.934) 0.029 (0.025-0.033)  0.93 [—0.00] (0.902) 1.496 0.13
Deep neural network 0.906 (0.883-0.929) 0.029 (0.024-0.033)  1.28 [—0.02] (0.959) 0.651 0.51
Simplified gradient boosting 0.904 (0.881-0.927) 0.030 (0.026-0.034)  0.99 [0.01] (0.955) 0.193 0.85

*Two-sided ¢ tests for area under the curve (AUC) comparison to the Canadian Syncope Risk Score model
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Table 4 Top 9 most important predictors in each model

CSRS

LR

Simplified GB

GB

DL

Troponin >99% of the
normal population

ED diagnosis of cardiac
syncope

ED diagnosis of vasovagal
syncope

QTc>480 ms

Systolic blood pres-
sure < 90 or> 180 mmHg

ED diagnosis of cardiac
syncope
Heart disease history

ED diagnosis of vasovagal
syncope

QTc

Troponin>99% of the
normal population

ED diagnosis of cardiac
syncope

ED diagnosis of vasovagal
syncope

QTc>480 ms

Troponin >99% of the
normal population

QRS duration

ED diagnosis of vasovagal
syncope

Troponin>99% of the
normal population

ED diagnosis of cardiac
syncope

Heart disease history

Age

ED diagnosis of vasovagal
syncope
Heart disease history

Troponin >99% of the
normal population

ED diagnosis of cardiac
syncope

Age

QRS duration > 130 ms QRS duration Hematocrit QRS duration Predisposition to vasovagal
symptoms
Predisposition to vasovagal Bifascicular block Age Hemoglobin Presence of orthostatic
symptoms symptoms
Heart disease history Lowest ED SBP QTc Right bundle branch block
Abnormal QRS axis QRS axis QTc

The CSRS and LR model predictors were sorted according to the absolute value of their beta coefficients. The GB and DL models were analysed

using permutation feature importance to rank the predictors

GB gradient boosting, DL deep neural network, LR regularized regression

and support the increased use of ML in clinical decision
rules research. ML models and traditional models can be
developed in parallel and comparisons between the models
can inform the choice of predictors and lead to an improved
predictive tool, whether it be a ML tool or a traditional risk
stratification score.

One key role of ML in the development of risk stratifica-
tion tools may be in variable selection. Our simplified gradi-
ent boosted decision trees and regularized regression models
illustrate how ML can process a large number of predictor
variables impartially and produce a model with only a few,
most relevant inputs. This can sidestep subjective variable
selection procedures that can involve many clinicians and
dissenting opinions thereby saving time and resources in the
development process. For example, we note that five of the
predictors selected by ML were common to the simplified
gradient boosting, regularized regression and CSRS models:
ED diagnosis of cardiac or vasovagal syncope, abnormal
troponin levels, QTc and QRS duration. The remaining pre-
dictors chosen varied by model and included a history of
heart disease, presence of bifascicular block, age, hematocrit
and lowest ED systolic blood pressure. Each of these vari-
ables has good face value from a clinical perspective and
can be used in bedside clinical reasoning: if all these predic-
tors are favorable in a given case, the patient in question is
very likely to be low risk. Furthermore, the CSRS involves
three predictors that involve the subjective judgment of the
ED clinician: ED diagnosis of cardiac or vasovagal syncope
and predisposition to vasovagal syncope. The regularized
regression syncope model eliminated one of these subjective
predictors, predisposition to vasovagal syncope. It also used
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two fewer predictors but achieved the same performance as
the CSRS.

Given that ML methods generally require large training
data sets to achieve optimal performance [29], we expect
that predictive ML modeling will demonstrate an increased
benefit when using larger and more complex data. Cohorts
consisting of more than a few thousand cases can be difficult
to obtain in a prospective research context but have become
readily available in an observational context using electronic
health records (EHR). Additionally, EHRs frequently con-
tain many relevant predictor variables, and, in this context,
ML methods have the capacity to detect non-linear effects
and complex interactions that would be missed by stand-
ard analysis. The derivation of risk-stratification tools using
EHR data will likely be an important application of ML,
but difficulties with non-stationarity and generalizability are
important challenges to this approach [37-39].

The predictive performance of ML models should not
be considered in isolation, but along side other factors
such as interpretability and portability. The deep neural
network model may be the least attractive of the models
presented in our work given that it is more difficult to
interpret. Explainable and interpretable AI methods may
be needed to mitigate the perceived black-box nature of
some ML algorithms [40] whereas traditional models such
as the CSRS are inherently easy to interpret and apply
at the bedside. Regarding portability, many modern EHR
systems will allow the integration of ML algorithms such
as those developed in our study directly into the electronic
workflow of care providers thereby increasing their usabil-
ity and our regularized regression and simplified gradient
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boosting models use a smaller number of predictors than
the CSRS and could easily be deployed as simple online
risk calculators like those already available for the CSRS
at MDCalc [41] and elsewhere.

A common weakness in risk scoring systems is the incor-
poration of subjective physician impression as a predictor
variable. The CSRS, for example, includes ED physician
diagnostic impression of cardiac or vasovagal syncope as a
predictor. Several other commonly used risk scoring rules
also use subjective predictors [16, 26, 42]. In the future,
methods of ML, possibly in combination with natural lan-
guage processing may eliminate the need for such subjective
variables by objectively identifying specific features in the
history of present illness that best predict the outcome.

The strength of our study is the direct comparison of the
ML and traditional statistical models developed using the
same high-quality dataset.

Limitations include the fact that our statistical model
comparison is based on the AUC which is a global metric.
Partial AUC analysis would allow for a statistical compari-
son of the models in specific threshold ranges of the ROC
curve that may be of clinical interest. Additionally, the size
of the training data set may not have allowed the ML models
to reach their optimal performance potential as large data
sets are ideal for the training of ML models [29]. Finally,
machine learning modeling might perform better or worse in
other data sets of similar size using other outcomes because
ML performance depends not only on the size of the data
sets, but also other factors such as data quality and the pres-
ence of non-linear effects or complex interactions.

Conclusion

Our ML models matched the performance of the CSRS and
some models did so while using fewer predictors than the
CSRS.
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