Tran et al. Scand J Trauma Resusc Emerg Med (2025) 33:31 Sca ndinavian Journal Of Trauma
https://doi.org/10.1186/513049-025-01336-2 L. o
Resuscitation and Emergency Medicine

RESEARCH Open Access

The revised Canadian Bleeding (CAN-BLEED) e

score for risk stratification of bleeding trauma
patients: a mixed retrospective—prospective
cohort study

Alexandre Tran"*3%”" Tyler Lamb'?, Shannon M. Fernando®, Manya Charette?, Marie-Joe Nemnom?,
Maher Matar', Jacinthe Lampron' and Christian Vaillancourt?

Abstract

Background Traumatic hemorrhage is a significant cause of morbidity and mortality. There is considerable interest
in risk stratification tools to aid with early activation of intervention pathways for bleeding patients. In this study, we
refine the Canadian Bleeding (CAN-BLEED) score for the prediction of major interventions in bleeding trauma patients.

Methods We conducted a mixed retrospective-prospective cohort study. We included a retrospective cohort

from the CAN-BLEED derivation study, from September 2014 to September 2017. We also conducted a prospec-
tive cohort from May 2019 to August 2021 and included both datasets for refinement of the CAN-BLEED score. The
primary outcome was major intervention, defined by a composite of massive transfusion, embolization, or surgery
for hemostasis. Predictors were pre-specified based on previous validation work. We used a stepdown procedure
and regression coefficients to create a clinical risk stratification score. We used bootstrap internal validation to assess
optimism-corrected performance.

Results We included 1368 patients in the overall cohort. Incidence of penetrating injury was 23% and median injury
severity score was 17. The overall incidence of the need for major intervention was 17%. The revised score included

8 variables: systolic blood pressure, heart rate, lactate, penetrating mechanism, pelvic instability, Focused Abdominal
Sonography for Trauma positive for free fluid, computed tomography positive for free fluid, or contrast extravasation.
The C-statistic for the simplified score is 0.89. A score cut-off of less than 2 points yielded a 97% (94-98%) sensitivity
in ruling out the need for major intervention.

Conclusion The revised CAN-BLEED score offers a clinically intuitive and internally validated tool with excellent
performance in identifying patients requiring major intervention for traumatic bleeding. Further efforts are required
to evaluate its performance with an external validation.
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Background

Traumatic hemorrhage is a significant cause of morbidity
and mortality among patients worldwide, with estimates
suggesting that it accounts for up to 40% of all trauma
deaths [1]. Uncontrolled bleeding is the most common
cause of preventable mortality following military and
civilian trauma [2]. Management of hemorrhage requires
prompt recognition, damage control resuscitation, and
early hemostasis [3]. However, severe blood loss often
occurs insidiously, leading to clinical uncertainty, delayed
intervention, and worse patient outcomes [4, 5].

For these reasons, there has been significant research
interest in clinical decision aids to prognosticate out-
comes among bleeding patients [6-8], especially to
guide activation of massive transfusion protocols [9,
10]. However, there are concerns related to competing
risk and survivorship bias for scores designed to predict
massive transfusion alone [11]. The CAN-BLEED score
was derived and internally validated for the prediction
of any major intervention including massive transfusion
protocol delivery, hemostatic surgery, or embolization
in trauma patients [12]. Due to limitations in available
sample size during the initial derivation study, the pre-
specified model was not able to incorporate all potential
variables of interest.

The objective of this study is to refine the CAN-BLEED
score for the prediction of major interventions in bleed-
ing trauma patients, combining a previous retrospective
cohort with a prospective cohort to attain sufficient sam-
ple size to evaluate all variables of interest.

Methods

Design and setting

We conducted a mixed retrospective-prospective obser-
vational cohort study at The Ottawa Hospital Civic
Campus. The Ottawa Hospital is the designated Level
1 trauma center, university-affiliated hospital, and
regional referral center for the Champlain Local Health
Integration Network in Ontario, Canada. We included
a retrospective observational cohort from the initial
CAN-BLEED derivation study, from September 2014 to
September 2017 [12]. In addition, we conducted a pro-
spective observational cohort from May 2019 to August
2021, and included both datasets for refinement of the
CAN-BLEED prediction model.

Retrospective Cohort

We included a previously published retrospective obser-
vational cohort from the CAN-BLEED derivation study,
conducted from September 2014 to September 2017
[12]. In that study, we included 890 adult patients arriv-
ing alive to the Ottawa Hospital with blunt or penetrat-
ing trauma to the thorax, abdomen, or pelvis requiring
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trauma team activation. Patients were eligible if received
from scene or from a transferring hospital within 3 h
from time of injury. Patients were excluded if they had
an out-of-hospital cardiac arrest or suffering from non-
hemorrhagic mechanisms of injury (e.g., burn injury,
drowning, or electrocution). We completed preliminary
derivation and internal validation of the CAN-BLEED
score to identify patients with clinically significant bleed-
ing—defined as the need for massive transfusion, angi-
oembolization or surgery for hemostasis. However, we
did not have a sufficient number of events to incorpo-
rate all potential variables of interest such as mechanism
and heart rate. Importantly, models constructed with an
event per variable ratio of 10 or less are at higher risk of
potential overfitting, which results in models that may
deliver a strong performance during initial derivation but
typically perform poorly at external validation [13]. As
such, we additionally conducted a prospective observa-
tional cohort with the intention to combine datasets for
refinement of the CAN-BLEED score.

Prospective cohort

In the prospective cohort, we utilized the same eligibil-
ity criteria from the prior study. We enrolled 478 adult
patients arriving alive to the Ottawa Hospital with blunt
or penetrating trauma to the thorax, abdomen, or pel-
vis requiring trauma team activation and concerns for
potential traumatic bleeding between May 2019 and
August 2021.

Following confirmation of patient eligibility, our study
team reviewed the electronic medical record to collect
standardized information on key time points, clinical
characteristics, and outcomes. This was completed by
a trained abstractor and an audit of the first 100 cases
followed by 10% of all cases thereafter was conducted
for quality assurance. Formal inter-rater reliability was
not calculated. We additionally cross-referenced our
abstracted data with that from our institutional trauma
registry to ensure consistency with regards to case iden-
tification and calculation of the injury severity score. This
is maintained by a dedicated data analyst, with a stand-
ardized input form and routine quality assurance audits
consistent with all trauma centres across the province of
Ontario.

The primary outcome of interest was need for major
intervention, which was defined as any of the following:
massive transfusion, angioembolization or surgery for
hemostasis (collectively intended to represent clinically
significant bleeding). To classify surgical outcomes, we
reviewed all operative reports for eligible patients and
included those requiring thoracotomy, laparotomy, pelvic
packing or fixation, and vascular surgery for the specific
intention of hemostasis. Patients receiving an exploratory
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operation without a therapeutic hemostatic procedure
within the operative report were classified as non-events.
In the initial derivation study, we utilized the classical
definition for massive transfusion (>10 PRBCs in 24 h).
However, in this refinement study, massive transfusion
protocol delivery was defined as activation of the mas-
sive transfusion protocol and receipt of at least 3 units
packed red blood cells (PRBC) within the first hour (criti-
cal administration threshold) for both the retrospective
and prospective datasets. This definition was utilized to
minimize the survivorship or competing risk bias associ-
ated with traditional massive transfusion definitions of at
least 6 or 10 units over 24 h [11]. Patients receiving angi-
ography without embolization were also classified as not
meeting the primary outcome.

Data analysis and model creation

The data analysis protocol was developed in accordance
with guidelines for clinical prediction modeling [14—17].
The retrospective and prospective cohorts were merged
into a single dataset and reviewed for data integrity. Simi-
lar to the methodology employed for the CAN-BLEED
derivation study, we noted that the variables for Lactate
(56% missing), FAST (30% missing) and CT (11% miss-
ing) were not missing at random [12]. All other variables
had less than 5% missing values. Importantly, missing
values for Lactate, FAST and CT were more likely to
be available in patients that were clinically unwell (with
abnormal findings) and more likely to be missing in those
that were clinically well (with unremarkable findings).
As such, when these values were missing, we considered
them to be unremarkable (Lactate <5, negative FAST, no
free fluid or extravasation on CT). In accordance with
best practice methodological guidance [18], the appropri-
ateness of this assumption was investigated by compari-
son with imputed values generated under a multivariable
imputation model. All remaining continuous variables
were modelled using restricted cubic splines. We used a
multiple imputation technique to impute missing values
on predictor variables using the areglmpute function in
the Hmisc library [19]. This procedure simultaneously
imputes missing variables while determining optimal
transformations among all imputation variables. The
imputation model consisted of the full list of predic-
tor variables, outcomes, and available ancillary variables
(such as age, sex, and time to hospital).

We prioritized full pre-specification of the predic-
tors, use of flexible functions for continuous predic-
tors, and multiple imputation. Model pre-specification,
based on clinical knowledge and evidence from the lit-
erature, minimizes the risk of over-fitting in small data-
sets and improves performance at external validation
[20]. The variables reviewed for determination of model

Page 3 of 8

pre-specification were based on clinical importance as
determined by a prior systematic review [6, 7], as well as
national [8] and international surveys [21] conducted by
our group. We used multiple imputation for missing val-
ues using the aregImpute function in the Hmisc library
[19], which models continuous variables using restricted
cubic splines with three default knots, while categorical
variables are expanded as dummy variables representing
all categories within a categorical variable. We used Vari-
ance Inflation Factors to examine multi-collinearity.

An initial, fully pre-specified logistic regression model
was fitted on the first imputed dataset using spline
functions with five knots for the two continuous vari-
ables. Next, a plot of partial associations referred to as
an ANOVA plot, corrected for the number of degrees
of freedom, was generated to visualize strong and weak
partial associations. The strengths of association are used
to inform a decision of how many degrees of freedom to
allocate to each variable in the final model: strong asso-
ciations are modeled with greater complexity than weak
associations. The fully pre-specified model with nine pre-
dictors was fitted to the 10 multiple imputation datasets
and the results were combined across the datasets using
Rubin’s rules. Harrell's fast stepdown procedure was
run on the previous full model [19]. Stepdown models
improve practicality with fewer predictors for use in clin-
ical practice. No variable was deleted. Analyses were con-
ducted using R version 4.2 and SAS version 9.4 software.

Score simplification

From the stepdown model, a nomogram was generated,
and the number of points associated with each predictor
were obtained from the estimated regression coefficients
to create a simplified score. For continuous predictors,
the points were determined to correspond to midpoints
of clinically meaningful intervals of values. We used a
receiver operative curve analysis to assess sensitivity,
specificity, positive predictive value (PPV), negative pre-
dictive value (NPV), and area under the curve for the
simplified score as compared to the full complex model.

Internal validation

Harrell et al. presented an algorithm to assess the degree
of overfitting resulting from the model building process
[19]. In this algorithm, the model is estimated separately
using each bootstrap sample and subsequently evalu-
ated in the original sample to calculate optimism. Boot-
strap validation maximizes sample size while minimizing
potential overfitting—as opposed to split or cross valida-
tion, which is considered less statistically efficient [20].
We generated 1000 bootstrap samples and calculated
optimism-corrected performance. The C-statistic for the
simplified model was compared to that of the full model
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and the reduced model to ensure minimal change in
performance.

Human ethics and consent to participate declaration

This study was approved by the Ottawa Health Science
Network Review Ethics Board. A waiver of consent from
participants was obtained.

Funding declaration

This study was funded by an operational grant from the
Ottawa Hospital Academic Medical Organization Inno-
vation Fund.

Results

We included 1368 patients in the overall cohort—890
patients from the retrospective derivation cohort and
an additional 478 patients from the prospective cohort.
The population characteristics are presented in Table 1.
Most patients were males (76%) with a median age of
42 years (interquartile range [IQR] 27-58). There was a
23% incidence of penetrating injury and a median injury
severity score was 17 (IQR 10-26). The overall incidence

Table 1 Population characteristics
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of major intervention, defined as a composite of surgery
for hemostasis, embolization, or massive transfusion, was
17%. The population characteristics were similar between
the retrospective derivation cohort and the prospective
cohort, though we note there was a higher incidence of
penetrating injury (25% vs 22%), visualized bleeding (12%
vs 5%), and need for major intervention (21% vs 15%) in
the prospective cohort.

Full Pre-specified and reduced models

The full pre-specified model is presented in the Sup-
plement. The C-statistic for the full model was 0.90 and
remained at 0.90 after the stepdown procedure, dem-
onstrating excellent performance. After 1000 bootstrap
samples for internal validation, the optimism-corrected
C-statistic was 0.90. The reduced multivariable model,
after using the stepdown procedure, included eight
variables: initial systolic blood pressure, heart rate, lac-
tate, penetrating mechanism, pelvic instability requir-
ing fixation (as identified on clinical exam), Focused
Abdominal Sonography for Trauma (FAST) positive for
free fluid, and computed tomography (CT) positive for

Characteristic Initial derivation cohort Prospective cohort (n=478)

(n=890)

Overall (n=1368)

Age (years), median (IQR)
Male, n (%)
Penetrating Mechanism of Injury, n (%)

Baseline clinical characteristics, median (IQR)

Initial systolic blood pressure (mmHg)
Initial heart rate (beats/minute)

43 (27 10 58)
675 (76%)
192 (22%)

125 (110 to 140)
91 (77 t0 108)

Glasgow Coma Scale Score 5(14to 15)
Injury Severity Score, median (IQR) 7 (10to 25)
Pelvic Instability, n (%) 42 (5%)
Visualization of active bleeding, n (%) 41 (5%)
FAST performed, n (%) 545 (61%)

FAST positive 92 (10%)
Hemoglobin (g/L), median (IQR) 138 (125 to 150)
pH, median (IQR) 733(7.26t07.37)
Base excess (mmol/L), median (IQR) —15(=51t01.1)
Lactate level (mmol/L), median (IQR) 3(2to4.7)
CTimaging performed, n (%) 787 (88%)

Free fluid on CT 219 (25%)

Contrast extravasation on CT 74 (8%)
Interventions, n (%)

Any major intervention 133 (15%)
Surgery 102 (11%)
Embolization 35 (4%)
Massive transfusion 45 (5%)

39 (26 to 58) 42 (27 to 58)
370 (77%) 1,045 (76%)
120 (25%) 312 (23%)

126 (106 to 142)
90 (77 to 107)

125 (110 to 140)
91 (7810 108)

5(12to 15) 5(14to 15)
7 (910 26) 7(10to 26)
27 (6%) 69 (5%)
8 (12%) 99 (7%)
418 (87%) 963 (68%)
83 (17%) 75 (13%)
142 (128 to 153) 9(126‘[0 1)
7.33(7.281t07.39) 733(7.261t07.38)
-0.1(-34t022) —-1.1(-48t01.5)
3(22t04) 3(.1t045)
436 (91%) 1223 (89%)
146 (31%) 365 (27%)
76 (16%) 150 (11%)
101 (21%) 234 (17%)
74 (15%) 176 (13%)
11 (2%) 46 (3%)
41 (9%) 86 (6%)

IQR, interquartile range; FAST, focused abdominal sonography for trauma; CT, computed tomography
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abdominopelvic free fluid or contrast extravasation. The
modelled association for blood pressure and heart rate
using restricted cubic splines is presented graphically in
the Supplement.

Simplified score

The resulting Canadian Bleeding (CAN-BLEED) score is
revised and presented in Table 2. The C-statistic for the
simplified score is 0.89 confirming excellent performance.

Measures of performance

The calibration plot (Supplement) showed excellent
agreement between observed and predicted probabilities
across the entire spectrum of risk. The classification per-
formance for the revised CAN-BLEED score is presented
in Table 3. A score cut-off of less than 2 points yielded
a 97% (94% to 98%) sensitivity in ruling out the need for
major intervention.

Discussion

The revised CAN-BLEED score includes the same vari-
ables as the initial model (systolic blood pressure, lac-
tate, FAST, CT imaging, and visualized bleeding or pelvic
instability), but additionally incorporates mechanism of
injury and heart rate. These variables were chosen a priori
based on clinical importance as determined by a system-
atic review [6], as well as national [8] and international
surveys of trauma care providers [21]. The score shares

Table 2 CAN-BLEED score composition
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many of the same clinical elements as the previously
developed assessment of blood consumption (ABC) [9]
and Trauma Associated Severe Hemorrhage (TASH) [10]
scores for prediction of massive transfusion, but offers
the additional advantage of being derived and internally
validated specifically for a pragmatic composite outcome
representative of clinically significant bleeding. Impor-
tantly, the sole utilization of massive transfusion as an
outcome of interest is prone to competing risk and sur-
vivorship bias [11, 22—-24]. A recent study of pre-hospital
trauma patients demonstrated that a novel algorithm,
termed the Bleeding Risk Index, using continuously
recorded noninvasive vital signs may offer improved pre-
dictive performance over traditional bleeding risk scores
[25]. Similar to our study, the authors utilized the critical
administration threshold (3 PRBCs in 1 h) to minimize
the impact of survivorship bias. However, the impact of
competing risk bias and performance at external valida-
tion remains unknown. Further studies comparing the
predictive performance of the refined CAN-BLEED score
to existing bleeding scores is required.

In an international survey of trauma care providers
from Canada, United States, Germany, Australia, and
New Zealand, clinicians noted challenges in executing
the risk stratification, identification of need, and delivery
of meaningful interventions for bleeding trauma patients
[21]. Respondents linked these challenges to systems
factors such as variability in the process or efficiency of

Revised CAN-BLEED Score

Variable Value Points
Initial systolic blood pressure at presentation SBP <90 2
90<SBP<110 1
Visualized external bleeding Yes 2
Unstable pelvis Yes 1
Computed Tomography: Free fluid or active extravasation Yes 2
Lactate>5 mmol/L Yes 1
Focused abdominal sonography for trauma positive Yes 1
Initial heart rate at presentation 120=HR 2
100<HR< 120 1
Mechanism of injury Penetrating 1
Initial CAN-BLEED Score
Variable Value Points
Initial systolic blood pressure at presentation SBP <90 2
90<SBP<110 1
Visualized external bleeding or Unstable pelvis Yes 2
Computed Tomography: Free fluid or active extravasation Yes 2
Lactate >5 mmol/L Yes 1
Focused abdominal sonography for trauma positive Yes 1

SBP, systolic blood pressure; HR, heart rate
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Table 3 Classification table
Score Sensitivity Specificity

% 95% ClI % 95% ClI
0 100.0 984 100.0 - - -
1 100.0 984 100.0 359 331 38.8
2 97.0 939 98.8 584 55.5 61.3
3 876 82.7 915 75.0 724 77.5
4 70.1 63.8 759 86.9 84.8 88.8
5 539 472 604 934 91.8 94.8
6 36.8 306 433 97.2 96.0 98.1
7 184 136 239 98.9 98.1 99.4
8 4.7 24 83 99.7 99.2 100.0
9 1.7 0.5 43 100.0 99.7 100.0
10 04 0.0 24 100.0 99.7 100.0
11 - - 100.0 99.7 100.0
12 - - 100.0 99.7 100.0

Cl, confidence interval

pathway activations, as well as cognitive factors such as
the inherent limitations in clinical gestalt for risk strati-
fication. Clinicians have stated a willingness to adopt a
well-validated and sensitive risk stratification tool for
bleeding patients but to date have expressed variable
confidence in the existing decision support frameworks
[21].

The revised CAN-BLEED score offers a pragmatic risk
stratification tool based on variables easily available to
the treating provider early in the initial assessment. The
score is intentionally designed to mimic the clinician’s
intuitive decision-making process, as a priori models
based on clinical expertise offer improved acceptance by
healthcare providers [26] and superior performance at
external validation [17, 20, 27]. During the early phases of
initial resuscitation, high-risk patients can be identified
based on hemodynamics, clinical exam and FAST alone.
If such variables are within normal limits and the clini-
cian has a low pre-test probability of clinically important
hemorrhagic injury, then further investigation is typically
avoided. This decision-making mirrors the real-world
assumptions utilized during derivation and internal vali-
dation of our model—whereby cases without CT imag-
ing (30%) were specifically re-coded as unremarkable. If
there is a high pre-test probability of occult injury follow-
ing initial assessment, clinicians often pursue additional
investigation including CT imaging—a diagnostic modal-
ity increasingly advocated for by the American College of
Surgeons Committee on Trauma Guidelines on Imaging
and incorporated by trauma centres into the initial evalu-
ation of major trauma patients [28].

An objective and evidence-based approach to risk strat-
ification has meaningful clinical, resource, and academic

applications. This score was derived and validated at a
Canadian tertiary care centre and reflects the practice
patterns of experienced, high volume trauma care provid-
ers. While its intention is not to supplant clinical expert
decision-making, its pragmatic derivation and validation
based clinical and research expertise may serve to pro-
vide a reliable, evidence-based framework to homogenize
decision-making for less experienced providers. In addi-
tion, it may aid clinical decision-making with regards to
inter-hospital transfer assessments and activation of key
intervention pathways—an important area of need iden-
tified by trauma care providers [21, 25]. In addition, it
may provide a more consistent and objective assessment
of risk to better define the population of “at-risk bleed-
ing trauma patients” for enrolment into clinical trials—an
endeavor that has previously been limited by imprecise
event estimates resulting in inefficient sample size esti-
mates and eventual clinical trial futility [29].

Strengths and limitations

Strengths of this study include an exhaustive evaluation
of clinically important variables based on previous sys-
tematic review [6] and survey studies [8, 21], as well as
adherence to best practice guidelines for derivation and
validation of prediction models [14—17, 20] in order to
maximize performance at external validation. In addi-
tion, we incorporated two separate datasets, including
a two-year prospective observational cohort, optimiz-
ing sample size for refinement and evaluation of impor-
tant variables. This study also has limitations. While the
optimism-corrected performance at internal validation is
impressive, this remains a single centre study at a Cana-
dian tertiary care trauma centre. Internal validation with
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bootstrapping does not necessarily imply strong perfor-
mance at external validation as it does not account for
information or selection bias that may be not evident
across different datasets [30]. In addition, bootstrap vali-
dation may deliver overly optimistic performances in
small datasets due to persistent overfitting. In addition,
due to meaningful missingness of data, we employed and
verified assumptions of normality in such circumstances
to maximize real-world pragmatism. However, the appro-
priateness of such assumptions can only be confirmed at
external validation. We were also unable to account for
time-dependent trends across the entire study period
such as changes in clinical practice or composition and
experience of trauma care providers. Further efforts
are required to externally validate score performance at
other centres in order to compare it to existing risk strati-
fication tools and assess its potential to support clinical
decision-making.

Conclusion

We conducted a mixed retrospective-prospective obser-
vational cohort study in order to refine a pragmatic bleed-
ing risk stratification tool for bleeding trauma patients.
The revised CAN-BLEED score offers a clinically intuitive
and internally validated tool with excellent performance
in identifying patients requiring major intervention for
traumatic bleeding. Further efforts are required to evalu-
ate its performance by external validation.
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