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Abstract

Objectives: Predicting diagnosis and prognosis of traumatic brain injury (TBI) at the
prehospital stage is challenging; however, using comprehensive prehospital information and
machine learning may improve the performance of the predictive model. We developed and
tested predictive models for TBI that use machine learning algorithms using information that
can be obtained in the prehospital stage.

Design: This was a multi-center retrospective study.

Setting and participants: This study was conducted at three tertiary academic emergency
departments (EDs) located in an urban area.of South Korea. The data from adult patients with
severe trauma who were assessed by emergency medical service (EMS) providers and
transported to three participating hospitals between 2014 to 2018 were analyzed.

Results: We developed and tested five machine learning algorithms—Ilogistic regression
analyses, extreme gradient boosting, support vector machine, random forest, and elastic net
(EN)—to predict TBI, TBI with intracranial hemorrhage or injury (TBI-I), TBI with
emergency department or admission result of admission or transferred (TBI-ND), and TBI
with emergency department or admission result of death (TBI-D). Of the 1,169 patients in the
development cohort, TBI, TBI-I, TBI-ND, and TBI-D was 24.0%, 21.5%, 21.3%, and 3.7%,
respectively. The EN model yielded an AUROC of 0.799 for TBI, 0.844 for TBI-I, 0.811 for
TBI-ND, and 0.871 for TBI-D. The EN model also yielded the highest specificity, and
significant reclassification improvement. Variables related to loss of consciousness, Glasgow
Coma Scale, and light reflex were the three most important variables to predict all outcomes.
Conclusion: Our results inform the diagnosis and prognosis of TBI. Machine learning
models resulted in significant performance improvement over that with logistic regression

analyses, and the best performing model was EN.
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Strengths and limitations of this study

® By using high dimensional prehospital data, we developed and validated prediction

models for the diagnosis and prognosis of traumatic brain injury using machine
learning algorithms among patients with severe trauma, identified by emergency
medical service providers.

Machine learning models showed acceptable-to-excellent discrimination performance
(AUROCs were 0.799—-0.871 according to outcomes in the best-performing model).
When identifying 80% of target patients with traumatic brain injury, the false positive
rate was almost 19.7-39.0%.

We used retrospective analysis of electronically collected prehospital data. We treated
missing status as a separate category for our analysis, however, there could be different
reasons for missing data.

External validation for other areas should be conducted to generalize the developed
prediction model.
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Introduction

Traumatic brain injury (TBI) is a significant health burden worldwide.! ? It is the leading
cause of mortality and disability among young individuals.? Patients with TBI are vulnerable
to hypoxia and hypotension in the early period of their course and these insults are associated
with poor outcomes.*¢ Prehospital assessment and management of patients with TBI is
important,’ 3 as early prediction of TBI and correcting hypoxia and hypotension during the
prehospital stage could be beneficial.” ' However, the identification of TBI can often be
challenging in the prehospital area.” Vulnerable patients, including the elderly or patients who
take medications like anti-platelet or anticoagulant drugs, often have TBI owing to low
energy insults.!! Prehospital clinical signs are also reported to have poor sensitivity for raised
intracranial pressure following TBI.!?

Several prediction models to target patients with TBI have been reported.!3-13
However, most incorporated information that is available only in the hospital, such as
laboratory results or image findings.!3 4 16 In addition, most previous prediction models
focused on the outcomes of patients with TBI, not the identification of TBI. Previously,
predictors of older adult patients with TBI who required transport to a trauma center were
identified. However, this was consensus-based; therefore, there is a lack of clinical data.!”
Accurate prehospital prediction of TBI and its severity could prevent delays to definite care
for patients with TBI. Most emergency medical service (EMS) providers collect various
information including demographics, past medical history, circumstances of the trauma, and
clinical signs including vital signs; but those variables have not been evaluated together as
predictors of TBI and its severity. Using a variety of prehospital information, and adapting
newly emerging machine learning algorithms for predicting diagnosis, disposition, and

outcome of TBI, might improve the accuracy of identification of TBI and its severity.'®
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The aim of this study was to develop and test prediction models for the diagnosis and
prognosis of TBI using prehospital information and machine learning algorithms among
patients with severe trauma. We hypothesized that incorporating prehospital information
could achieve acceptable performance in predicting TBI, and machine learning algorithms

could contribute to performance improvement.

Materials and Methods

Study design and settings

This was a multi-center retrospective study conducted at three tertiary academic emergency
departments (EDs) located in an urban area (Seoul and Bundang) of South Korea. These EDs
received 50,000-90,000 visits annually. We adhered to the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) statement
on reporting predictive models.!?

The EMS system in South Korea is operated by the National Fire Agency. The EMS
level is considered intermediate, as EMS providers can perform bleeding control, spinal
motion restriction, immobilization and splintage, advanced airway management, and
administer fluid intravenously. As only physicians can declare death in South Korea, EMS
providers cannot stop resuscitation and must transport all patients including those in cardiac
arrest to the ED. For all EMS transport, EMS providers record an ambulance run-sheet by
law. Since 2012, the National Fire Agency adapted the United States Centers for Disease
Control and Prevention of the United States field triage decision scheme to evaluate patients
with trauma,?® and they developed an EMS severe trauma in-depth registry. For said patients,
EMS providers evaluate whether patients met trauma center transport criteria in the field

triage decision scheme. If they did, the in-depth registry should be recorded, and EMS
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transport protocol recommends that patients are transferred to a near regional trauma center;
but it is not mandatory.

The Ministry of Health and Welfare designated three ED levels according to the
resources and functional requirements; level 1 (n = 36) and level 2 (n = 118) EDs have more
resources and better facilities for emergency care and must be staffed by emergency
physicians 24 hours a day/365 days a year; whereas level 3 EDs (n = 248) can be staffed by
general physicians. In accordance with the EMS Act, all EDs participated annually in a
nationwide functional performance evaluation program, which was administered by the
Ministry of Health and Welfare. The three participating hospitals in this study were all level 1
EDs that can perform acute trauma care for patients with TBI 24 hours a day/365 days a

year—including emergency neurosurgical operation and angiographic interventions.

Data source

We used an EMS ambulance run-sheet, EMS trauma in-depth registry, and ED administrative
database. The EMS database information, including ambulance run-sheet and trauma in-depth
registry, was collected electronically by EMS providers using tablets. The EMS record
review for each severe trauma has been performed by EMS medical directors of each fire
department since 2012. The ED administrative database contains patients’ demographic
characteristics, route of visit, time of visit, and diagnosis and disposition. We merged the
EMS database with the ED administrative database based on patients’ arrival time, age, and

SEX.

Study population

We included adult (age > 15) EMS users who were transported to participating hospitals with

severe trauma from January 1, 2014 to December 31, 2018. Severe trauma was assessed by
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EMS providers and defined as patients who fulfilled trauma center transport criteria
(physiologic criteria, anatomic criteria, mechanism of injury criteria, or special patients or
system consideration criteria) in the field triage decision scheme.?! Patients were excluded if
they had out-of-hospital cardiac arrest or their main cause of EMS call was medical or
nontraumatic injury including choking, drowning, fire, flame, heat, cold, poisoning, chemical,
sexual assault, weather, or natural disaster. Patients with an unknown outcome were also

excluded.

Outcome measure

The primary outcome measure was the diagnosis of TBI. TBI diagnosis was defined as
patients whose diagnostic code, according to the International Statistical Classification of
Diseases and Related Health Problems (ICD-10), was between S06.0 and S06.9.2223 The ED
administrative database has two types of primary diagnostic codes: the final diagnostic codes
at ED discharge and at hospital discharge. We extracted up to 20 codes for each. We defined
the diagnostic code as positive for TBI if a confirmative diagnostic code was found in any
level of the discharge record. A secondary outcome measure was the diagnosis of TBI with
intracranial hemorrhage or injury (TBI-I), defined as ED discharge or hospital discharge
diagnosis ICD-10 code S06.1-S06.9. Concussion (ICD-10 code with S06.0) was excluded in
TBI-I. A tertiary outcome was TBI with non-discharge (TBI-ND). Non-discharge was
defined as patients whose ED discharge disposition included admission, transfer, or death.
Quaternary outcome measure was TBI with death (TBI-D). Death was defined as patients

whose ED discharge disposition or hospital discharge disposition was death.

Variables and preprocessing

We collected patients’ demographic data, circumstances of trauma, chief complaints, EMS
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vital sign assessment, EMS management and hospital outcomes. The detailed descriptions of
each variable are described in Supplementary Table 1. Categorical variables were
preprocessed with the one-hot encoding (dummy variable encoding) method. Continuous
variables were divided into four quantiles and unknown or missing values were categorized
as a fifth category. One-hot encoding was also applied to discretized continuous variables.
Preprocessing measures including discretization results of continuous variables are presented

in Supplementary Table 1.

Model development

We developed prediction models for outcomes by using five machine learning algorithms:
logistic regression analyses (LR), extreme gradient boost (XGB), random forest (RF), support
vector machine (SVM), and elastic net (EN). The LR algorithm was chosen as baseline
comparison algorithm because it is widely used in the medical field and has been used for
previous prediction model development in TBI studies.'* >* Backward stepwise LR was
selected for feature selection. The other four algorithms were selected based on their ability
to model nonlinear associations, their relative ease of implementation, and their general
acceptance in the machine learning community.>3-2° All algorithms have a method to
calculate the probability of the outcome occurring and algorithms other than LR need
hyperparameter tuning for proper training and prediction.

The study population was split into training cohorts that included development,
validation, and test cohorts. The development cohort included a training cohort from which
each of the machine learning prediction models were derived and a validation cohort in which
the prediction models were applied to adjust the hyperparameters of the algorithm. The test
cohort was used for the final evaluation of the performance of the prediction models.

Chronological split was used for data split. Patients enrolled from January 1, 2014 to
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Page 13 of 44

1

2

3

4

. 219
6
2220
8

9 221
10
22
12

13

2 223
15

16 224
17

18 225
19

20

S 226
22

23

24 227
25

26 228
27

28

% 229
30

31 230
32

33 231
34

35

e 232
37

38 233
39

40 234
41

42 935
43

44

a5 236
46

47 237
48

49 238
50

51

5 239
53

54 240
55

56 241
57

58
242
60

BMJ Open

December 31, 2016 were used as the training cohort; patients from January 1, 2017 to
December 31, 2017 were used as the validation cohort; and patients from January 1, 2018 to
December 31, 2018 were used as the test cohort. Hyperparameter tuning using validation data
was conducted by, first, a random search within 10,000 randomly generated hyperparameters;
then, grid search hyperparameters chosen around from random search with five candidates
per each hyperparameter. Finally, hyperparameter with best area under receiver-operation
curve (AUROC) in validation cohorts were selected. Test data were separated during training

and tuning processes and used to measure algorithm performance.

Statistical analysis

The demographic findings and outcomes of the study population were described in this study.
Additionally, the baseline characteristics of the training cohort and the validation cohort were
compared. The continuous variables were compared by using Student’s T-test or the
Wilcoxon rank sum test, and the categorical variables were compared by using the chi-
squared test or the Fisher exact test, as appropriate.

We assessed discrimination performance by comparing the AUROC for each model
in the test cohort. We considered an AUROC of 0.5 as no discrimination, 0.7 to 0.8 as
acceptable, 0.8 to 0.9 as excellent, and more than 0.9 is considered outstanding.’? Area under
the precision-recall curve (AUPRC) was assessed for each model in the test cohort. We
assessed the calibration power by using the Hosmer—Lemeshow test, the scaled Brier score,
and a calibration plot in the test cohort.3! For the delineation of test characteristics, the
sensitivity, specificity, and positive and negative predictive values with 95% CIs were
determined using a cutoff probability at a sensitivity of 80%. Given that poor sensitivity of
clinical predictors for TBI in previous studies,'? 3> and almost 75% sensitivity level for other

severe disease prediction in prehospital settings,?? 3* we thought that 80% sensitivity was an
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appropriate target for our prediction model. We calculated false positive rate as 1 —
specificity. The added prognostic power of each prediction model compared to the LR model
was also evaluated by continuous net reclassification index (NRI). NRI is a statistical method
to quantify how well a new model correctly reclassifies the study population with the other
models. Details of NRI are described elsewhere.?

By using a model-specific metric, the variable importance of each model was
assessed, except for the SVM algorithm. The variable importance was determined by the
coefficient effect sizes for the LR model. The XGB and RF models were ranked by variable
importance on the selection frequency of the variable as a decision node. The absolute value
of the coefficients corresponding to the tuned model were used for the measurement of
variable importance in the EN algorithm.3¢ To compare the variable importance of each
prediction models efficiently, top 5 variables of each model was presented.

All statistical analyses were performed with R Statistical Software (version 4.0.1; R
Foundation for Statistical Computing, Vienna, Austria). Packages included caret, €1071,

xgboost, randomForest, and glmnet for the analysis of the machine learning algorithms.

No patient and public involvement

This research was done without patient involvement. Patients were not invited to comment on
the study design and were not consulted to develop patient relevant outcomes or interpret the
results. Patients were not invited to contribute to the writing or editing of this document for

readability or accuracy.

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



Page 15 of 44

oNOYTULT D WN =

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

BMJ Open

Result

Demographic findings

Among the 157,134 EMS users transported to three hospitals from 2014 to 2018, 1,169
patients were included in the final analysis (Figure 1). Patients were split into 2 datasets: data
from 2014 to 2017, consisting of 867 patients (74.2%) in the development cohort; and the
remaining data from 2018 consisting of 302 patients (25.8%) in the test cohort (Figure 1).
Among the development cohort, data from 2014 to 2016—consisting of 661 patients—were
used as the training cohort, and 2017 data—consisting of 206 patients—were used as the
validation cohort in the model.

Table 1 shows key demographic findings of the development and test cohorts. Median
(IQR) age was 52 years (35-66) in the development cohort and 56 years (40—69) in the test
cohort. Traffic accident was most common mechanism of trauma (43.3% for the development
cohort and 41.4% for the test cohort). The proportion of patients with alert mental status was
58.1% for the development cohort and 69.5% in the test cohort. Overall, TBI, TBI-I, TBI-
ND, TBI-D occurred in 215 (24.8%), 195 (22.5%), 192 (22.1%), and 32 (3.7%) in the
development cohort; and 66 (21.9%), 56 (18.5%), 57 (18.9%), and 11 (3.6%) in the test
cohort. All demographic characteristics of the development and test cohorts are described in

Supplementary Table 2.

Main analysis

The discrimination and NRI of the prediction models on the test cohort are presented in Table
2. The AUROC for outcomes were 0.770-0.806 for TBI, 0.820-0.844 for TBI-I, 0.767-0.811
for TBI-ND, and 0.664—0.889 for TBI-D (Table 2 and Supplementary Figure 1). Compared to

LR, XGB performed significantly well in predicting TBI, and RF and EN performed well in
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predicting TBI-ND and TBI-D. EN model generally performed well on all outcomes. The
AUROC of the EN model for outcomes were 0.799 (95% CI: 0.732-0.867), 0.844 (95% CI:
0.779-0.910), 0.811 (95% CI: 0.741-0.882), and 0.871 (95% CI: 0.764-0.978) for TBI, TBI-
I, TBI-ND, and TBI-D, respectively. Machine learning models generally resulted in
significant reclassification improvement compared to LR for TBI, TBI-I, and TBI-ND. For
prediction TBI-D, AUROC difference, and reclassification improvement compared to LR
was non-significant in all machine learning models. The precision-recall curve is shown in
Supplementary Figure 2. AUPRC were 0.479-0.564 for TBI, 0.469—0.606 for TBI-I, 0.477—
0.551 for TBI-ND and 0.094—-0.140 for TBI-D. EN model showed highest AUPRC among all
prediction models. Supplementary Figure 3 shows the calibration plot of prediction models
according to outcomes. All prediction models generally showed poor calibration. Given the
high AUROC and AUPRC among prediction models, and reclassification improvement
compared to LR, we determined EN as a best-performing prediction model in our analysis.

Using cutoff of 80% sensitivity, specificity was 47.5-68.2% for TBI, 71.1-81.3% for
TBI-1, 46.1-74.3% for TBI-ND, and 42.6-—.0 for TBI-D. EN showed the highest specificity
and PPV among all outcomes. False positive rate (1 — specificity) was almost 19.7-39.0%
according to outcomes in the EN model. The 95% CI of specificity of the EN model was not
overlapped with LR in TBI, TBI-ND, and TBI-D predictions. NPV was almost 89-99% for
all outcomes in the prediction models (Table 3).

Table 4 shows the top 5 variable importance of prediction models according to
outcomes. Variables related to patients’ symptom of loss of consciousness, Glasgow Coma
Scale component, and light reflex were the three most important variables to predict all
outcomes. Compared to other outcomes, the difference between variable importance for TBI-
D was prominent, and the mechanism of injury, heart rate, and age showed the highest

importance for predicting TBI-D.
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Discussion

By using prehospital data from EMS users visiting three teaching hospitals, we developed
and validated prediction models for the diagnosis and prognosis of TBI using machine
learning algorithms among patients with severe trauma, identified by EMS providers in South
Korea. We found that 24% of patients were diagnosed with TBI, 22% showed intracranial
injury, 21% could not be discharged from the ED with a TBI diagnosis, and 4% showed TBI-
related death. Machine learning models showed acceptable-to-excellent discrimination
performance (AUROCs were 0.799—0.871 according to outcomes in the best-performing EN
model). When identifying 80% of target patients with TBI, the false positive rate was almost
19.7-39.0%. Consciousness status related variables ranging from patients’ symptom to EMS
providers’ assessment showed the highest importance for predicting all outcomes. This study
adds considerably to the understanding of prehospital prediction performance of TBI among
patients with severe trauma. Use of comprehensive prehospital information and certain
machine learning approaches led to increased performance with a diminished false positive
rate compared to those of the traditional statistical model.

Several studies reported that EMS providers’ assessment using prehospital
information is effective for the identification of patients with severe trauma who require
direct transport to a trauma center.3’-3° Because TBI accounts for a significant portion of
patients with severe trauma,® and the majority of patients have poor access to trauma
centers,* identification of TBI among patients with severe trauma by EMS providers could
contribute to proper prehospital management and destination hospital decisions.® However,
prehospital identification of TBI is challenging.*' Prehospital clinical signs showed poor
predictive performance for differentiating patients with TBI. !2, and previous prediction
models related to TBI mostly focused on TBI outcomes.!3 1416 One study reported the

predictors for mild TBI with persistent symptoms; but a single-center case-control study
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design and ED-based model development lacks applicability to prehospital settings.? In this
study, we developed and tested TBI prediction models that used prehospital information, and
we found acceptable discrimination power for the prediction of diagnosis and prognosis of
TBI. Uniquely, we incorporated various demographic variables, trauma circumstances,
patients’ complaints, and EMS assessment information in the prediction models, and we
adapted the machine learning algorithms.

When using a cutoff for 80% sensitivity for TBI detection, the false positive rate was

19.7-39.0% (Table 2). Those false positive rate levels are plausible for detecting severe

diseases in EMS settings. A previous study reported a 26% of false positive rate of EMS
triage for myocardial infarction with a sensitivity of 74% and 50% of false positive rate of
EMS recognition of stroke in sensitivity of 74%.33 3* Considering the prevalence of outcomes
(24% in TBI, 22% in TBI-I, 21% in TBI-ND, and 4% in TBI-D; Table 1), there would be 16,
9, 12, and 67 false-positive patients for every 10 patients that are accurately identified as TBI,
TBI-I, TBI-ND, and TBI-D, respectively. Because of the low prevalence of TBI-D, a similar
specificity of the prediction model for outcomes resulted in a very low positive predictive
value and a high proportion of false positive cases, which suggested the limited applicability
of prediction models for TBI-D in prehospital settings.

Consciousness-status-related variables ranging from patients’ complaints to EMS
assessment showed the highest importance regardless of models and outcomes in our study.
Consciousness status is closely associated with head trauma. Head trauma can result in
structural brain injury or physiological disruption of brain function, which could result in
altered mental status.*> Mental status is also associated with TBI severity, 43 and its
association with TBI outcomes have been reported.!3 14 16 History taking and physical
examination for altered mental status is key to early diagnosis and proper management of TBI

in prehospital settings.**
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We adapted machine learning algorithms for the prediction of TBI-related outcomes
and found an improvement in discrimination and an increase in specificity with the same
sensitivity thresholds. However, the LR model also showed acceptable or similar
performance compared to machine learning models, according to the outcomes. In clinical
prediction models, a previous systematic review reported no performance benefit of the
machine learning model over LR.* The previous study stated that machine learning models
tend to show high performance with a strong signal-to-noise ratio problem like gaming,
image recognition. However, clinical prediction problems often result in a poor signal-to-
noise ratio.*> 46 If we could use unstructured data, which has strong signal-to-noise ratio like
continuous vital sign monitoring data or audiovisual data for patients’ appearance, machine
learning models might perform better than LR models. In addition, if we analyzed more
patient data, the performance improvement of machine models might be elucidated.

Precise assessment in prehospital field could contribute to improved patient-related
outcomes. High demand of EMS call and response,*’ disparity in accessibility to definitive
care capable hospitals according to regions,*’ and the importance of timely management in
acute disease care are the chief reasons behind the necessity for the accurate assessment of
EMS providers. Although information acquisition and processing is quite difficult in
prehospital areas, various instruments and information systems could attribute to diminish
those problems. Complex data acquisition like mobile CT or other unstructured data*® 49,
information sharing through telemedicine,>® and decision support tools in prehospital
environments®! could contribute to the accurate assessment of EMS providers. More
information acquisition and real-time processing of those data could improve the clinical
prediction models in prehospital areas, which could lead to the improvement of patients’

safety and outcomes.
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Our study had several limitations. First, our data were collected at three teaching
hospitals in urban areas of South Korea. Therefore, external validation for other areas should
be conducted to generalize the developed prediction model. Second, we used retrospective
analysis of electronically collected prehospital and hospital data. There might be various
information loss and missing data. We treated missing status as a separate category for our
analysis;>> however, there could be different reasons for missing data. Third, there is a
possibility that the prediction model was overfitted or underfitted. To minimize this issue, we
rigorously searched hyperparameters and carefully chose hyperparameters according to the
performance in independent validation cohorts. Lastly, this study was performed in an
intermediate-service-level EMS system. The generalization of our study findings to different
EMS settings should be made with caution.

In conclusion, we presented data on TBI among patients with severe trauma assessed
by EMS providers, and our results inform the development of prediction models for the
diagnosis and prognosis of TBI in our population. We used various information that can be
obtained in prehospital settings and showed acceptable outcome performance. The consistent
importance of consciousness-status-related variables emphasizes the importance of
assessment and monitoring of consciousness status in prehospital areas. Although
prospective, and implementation studies are needed for TBI prediction in prehospital areas,
our study outlined a novel method for the precise assessment of EMS providers using a
machine-learning-based prediction model. Further collection of various types of patient-
related data would contribute to the enhanced performance of the clinical prediction model in

prehospital settings.
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Figure legends

Figure 1. Population flow. EMS, emergency medical service; OHCA, out-of-hospital cardiac

arrest; TBI, traumatic brain injury.
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1

2

3

g 610  Table 1. Key characteristics of the development and test cohorts.

j n (%) or Median (IQR)

8 Development Test

9 Total cohort cohort P
10 Total N=1169 n =867 n =302

1 ; Demographics

13 Age, years 53 (36-66) 52 (35-66) 56 (40-69) <0.01
14 Male 809 (69.2) 592 (68.3) 217 (71.9) 0.25
" Job, unemployed 299 (25.6) 197 (22.7) 102 (33.8) <0.01
17 Diabetes 62 (5.3) 35 (4.0) 27 (8.9) <0.01
12 Hypertension 105 (9.0) 61 (7.0) 44 (14.6) <0.01
20 Circumstances of trauma

21 Location, road/highway 444 (38.0) 326 (37.6) 118 (39.1) 0.65
;g Season, summer 336 (28.7) 253 (29.2) 83 (27.5) 0.57
24 Weekday, weekend 811 (69.4) 599 (69.1) 212 (70.2) 0.72
25 Time, 6 p.m. to midnight 361 (30.9) 265 (30.6) 96 (31.8) 0.69
20 Mechanism of injury, TA 500 (42.8) 375 (43.3) 125 (41.4) 0.57
28 Chief complaint

29 Fracture/abrasion/laceration 302 (25.8) 204 (23.5) 98 (32.5) <0.01
;? EMS vital sign assessment

32 SBP, mmHg* 130 (109-150) 130 (104-146) 131 (115-150)  <0.01
gj DBP, mmHg* 80 (70-91) 80 (69-90) 80 (70-92) 0.21
35 RR, mmHg* 18 (16-20) 18 (16-20) 18 (16-20) 0.33
36 HR, /min* 86 (75-99) 86 (74-99) 86 (76-100) 0.40
i SpO2, %* 98 (95-99) 98 (95-99) 98 (96-99) 0.67
39 AVPU scale, Alert 714 (61.1) 504 (58.1) 210 (69.5) <0.01
40 EMS management

2; Intravenous route 176 (15.1) 129 (14.9) 47 (15.6) 0.77
43 Hemorrhage control 586 (50.1) 426 (49.1) 160 (53.0) 0.25
2‘5‘ Spinal motion restriction 811 (69.4) 606 (69.9) 205 (67.9) 0.51
46 Oxygen supply 233 (19.9) 176 (20.3) 57 (18.9) 0.59
47 In-hospital mortality 90 (7.7) 74 (8.5) 16 (5.3) 0.07
22 Outcomes

50 TBI 281 (24.0) 215 (24.8) 66 (21.9) 0.30
g; TBI with intracranial injury 251 (21.5) 195 (22.5) 56 (18.5) 0.15
53 TBI-related non-discharge 249 (21.3) 192 (22.1) 57 (18.9) 0.23
54 TBI-related death 43 (3.7) 32 (3.7) 11 (3.6) 0.95

55 611 IQR, interquartile range; TA, traffic accident; SBP, systolic blood pressure; DBP, diastolic
26 612 blood pressure; RR, respiratory rate; ED, emergency department; TBI, traumatic brain injury.
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Table 2. Discrimination and reclassification of prediction models for outcomes on test

cohort.
Outcome Model AUROC (95% CI) p? NRI (95% CI) p° AUPRC
TBI
LR 0.770 (0.698, 0.841) NA NA NA 0.492
XGB 0.809(0.743,0.876)  0.04 0.689 (0.427,0.951) <0.01 0.552
SVM  0.776 (0.708, 0.844)  0.77 0.339 (0.072, 0.607) 0.01 0.479
RF 0.800 (0.735,0.865)  0.13 0.308 (0.047, 0.569) 0.02 0.532
EN 0.799 (0.732,0.867)  0.06 0.698 (0.441,0.954) <0.01 0.564
TBI-I
LR 0.820 (0.751,0.890) NA NA NA 0.551
XGB 0.838(0.775,0.901) 0.28 0.539(0.258,0.821) <0.01 0.554
SVM  0.812(0.748,0.875)  0.66 0.729 (0.464,0.994) <0.01 0.469
RF 0.836 (0.772,0.899)  0.38 0.333 (0.058, 0.607) 0.02 0.552
EN 0.844 (0.779,0.910)  0.15 1.093 (0.845,1.342) <0.01  0.606
TBI-ND
LR 0.767 (0.690, 0.844) NA NA NA 0.482
XGB 0.800(0.727,0.873)  0.07 0.605 (0.326,0.884) <0.01 0.496
SVM  0.778 (0.704,0.852)  0.56 0.285 (-0.001, 0.572)  0.05 0.477
RF 0.809 (0.739, 0.880)  0.03 0.194 (-0.059,0.448)  0.13 0.535
EN 0.811(0.741,0.882)  0.02 0.768 (0.496, 1.039) <0.01  0.551
TBI-D
LR 0.664 (0.490, 0.838) NA NA NA 0.138
XGB 0.714(0.512,0.917) 0.64  -0.026 (-0.605,0.553)  0.93 0.094
SVM  0.814(0.718,0.910)  0.09 0.209 (-0.325,0.742)  0.44 0.140
RF 0.889 (0.801,0.976) <0.01 -0.204 (-0.742,0.334) 0.46 0.196
EN 0.871 (0.764, 0.978)  0.01 0.119 (-0.415,0.654)  0.66 0.293

aComparing the AUROC and the logistic regression model.
bComparing the NRI and the logistic regression model.
AUROOC, area under the receiver operating characteristic curve; CI, confidence interval;

NRI, net reclassification index; AUPRC, area under precision-recall curve; TBI,

traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-ND;
traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with death;
LR, logistic regression analysis; XGB, extreme gradient boosting; SVM, support vector
machine; RF, random forest; EN, elastic net
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Table 3. Test characteristics of prediction models for outcomes on test cohort.

Outcome Model

Specificity (95% CI)  Sensitivity (95% CI)

PPV (95% CI)

NPV (95% CI)

Cutoff

TBI
LR
XGB
SVM
RF
EN

47.5 (40.9, 54.0)
72.5 (6.3, 78.1)
64.8 (58.4, 70.9)
68.2 (61.9, 74.1)
61.0 (54.5, 67.3)

80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)

29.9 (23.3,37.3)
44.9 (35.7, 54.3)
39.0 (30.7, 47.7)
41.4 (32.8,50.4)
36.6 (28.7, 44.9)

89.6 (82.9, 94.3)
92.9 (88.2, 96.2)
92.2 (87.0, 95.8)
92.5 (87.6, 96.0)
91.7 (86.3, 95.5)

0.136
0.268
0.191
0.185
0.205

TBI-I
LR
XGB
SVM
RF
EN

71.1 (65.0, 76.7)
74.0 (68.0, 79.4)
71.1 (65.0, 76.7)
76.0 (70.2, 81.2)
81.3 (75.9, 86.0)

80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)

38.8 (29.9, 48.3)
413 (31.9, 51.1)
38.8 (29.9, 48.3)
43.3 (33.6,53.3)
49.5 (38.8, 60.1)

94.1 (89.7, 97.0)
94.3 (90.0, 97.1)
94.1 (89.7, 97.0)
94.4 (90.3, 97.2)
94.8 (90.9, 97.4)

0.164
0.143
0.172
0.205
0.204

TBI-ND
LR
XGB
SVM
RF
EN

46.1 (39.8, 52.6)
66.5 (60.2, 72.4)
59.2 (52.7, 65.4)
60.4 (54.0, 66.6)
74.3 (68.3, 79.6)

80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)

25.8 (19.6, 32.9)
35.9 (27.7, 44.9)
31.5(24.1,39.7)
32.2 (24.6, 40.5)
42.2 (32.8, 52.0)

91.1 (84.7, 95.5)
93.7 (89.0, 96.8)
92.9 (87.7, 96.4)
93.1 (88.0, 96.5)
94.3 (90.0, 97.1)

0.090
0.242
0.147
0.138
0.201

TBI-D
LR
XGB
SVM
RF
EN

42.6 (36.9, 48.5)
57.7(51.8, 63.5)
74.2 (68.8, 79.2)
74.9 (69.5, 79.8)
79.0 (73.9, 83.6)

81.8 (48.2,97.7)
81.8(48.2,97.7)
81.8 (48.2,97.7)
81.8 (48.2,97.7)
81.8 (48.2,97.7)

5.1(24,9.5)
6.8 (3.2,12.5)
10.7 (5.0, 19.4)
11.0 (5.1, 19.8)
12.9 (6.1, 23.0)

98.4 (94.4, 99.8)
98.8 (95.8, 99.9)
99.1 (96.7, 99.9)
99.1 (96.8, 99.9)
99.1 (96.9, 99.9)

0.005
0.002
0.039
0.005
0.033

TBI, traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-
ND; traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with
death; LR, logistic regression analysis; XGB, extreme gradient boosting; SVM, support

vector machine; RF, random forest; EN, elastic net.
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Table 4. Top 5 important variables for outcomes in descending order using model

specific metrics

Outcome  Rank LR XGB RF EN
TBI
| Loss of Loss of Loss of Loss of
consciousness consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 GCS, Motor, 1
3 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 2
4 Light reflex Other mechanism Light reflex GCS, Eye, 1
5 GCS, Motor, 1 GCS, Verbal, 2 GCS, Motor, 1 GCS, Verbal, 1
TBI-I
1 Loss (?f Loss qf Loss Qf GCS, Eye, 1
consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 Loss of
consciousness
3  GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 1
4 Light reflex GCS, Verbal, 2 Light reflex GCS, Verbal, 1
5 GCS, Motor, 1 Other mechanism GCS, Motor, 1 Light reflex
TBI-ND
| Loss of Loss of Loss of Loss of
consciousness consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1
3 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 1
4 Light reflex GCS, Verbal, 2 GCS, Verbal, 2 GCS, Verbal, 1
5 GCS, Motor, 1 GCS, Motor, 1 GCS, Motor, 4 Light reflex
TBI-D
j Lossof GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 2

4
5

consciousness

GCS, Verbal, 1
GCS, Eye, 1

Light reflex
GCS, Motor, 1

Oxygen
saturation<96%

Fall mechanism
Afternoon

Light reflex

Light reflex

Loss of
consciousness

GCS, Eye, 1
GCS, Motor, 1

GCS, Verbal, 1

Loss of
consciousness

Age over 80
HR 87-99

TBI, traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-

ND; traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with

death; LR, logistic regression; XGB, extreme gradient boosting; RF, random forest; EN,
elastic net; GCS, Glasgow coma scale; HR, heart rate.
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Supplementary Table 1. List of analyzed variables.

Variables Descriptions Type of raw data Category Preprocessing

Gender Sex of the patients Binary Male, Female

Age Age of patients Continuous 15-39 years, 40-59 years, 60-79 years, and | Discretization and one hot encoding
80- years

Job Job of patients Categorical Unemployed, Student/Housewife; | One hot encoding
Office/Commercial/Service workers; | Missing data were classified into others
Industrial/Agricultural/Fishery/Miner
worker; Others

Diabetes History of diabetes mellitus Binary Yes, No Missing data were classified into no

Hypertension History of hypertension Binary Yes, No Missing data were classified into no

Location of injury Location of injury Categorical home/residential area/medical | One hot encoding
facility/school/gym; Missing data were classified into others
Road/highway;
Off-road traffic area;
Others

Season Season when injury occurred | Categorical Spring, Summer, Fall, Winter One hot encoding

Weekend Whether Injury occurred on | Binary Weekday, Weekend

weekday or weekend

Daytime When injury was occurred Categorical Night (Midnight to 5AM), Morning (6AM | One hot encoding
to 11AM), Afternoon (Midday to 5PM), | Missing time were imputed using EMS
Evening (6PM to 11PM) call time

Mechanism of injury | Mechanism of injury Categorical Slip down, Fall down, Traffic accident, | One hot encoding
Other Missing data were classified into others

Glasgow coma scale | Eye element of Glasgow coma | Categorical 1;2;3;4;Unknown One hot encoding

eye scale

Glasgow coma scale | Verbal element of Glasgow | Categorical 1;2;3;4;5;Unknown One hot encoding

Verbal coma scale

Glasgow coma scale | Motor element of Glasgow | Categorical 1;2;3;4;5;6;Unknown One hot encoding

Motor coma scale

Light Reflex any | Any abnormality of light | Categorical No, Yes, Unknown One hot encoding

Abnormal

reflex on any side

Missing data were classified into
unknown
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Systolic blood | Systolic blood pressure Continuous -107 mmHg, 108-130 mmHg, 131-145 | Discretization and one hot encoding
pressure mmHg, 146- mmHg, Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Diastolic blood | Diastolic blood pressure Continuous -69 mmHg, 70-80 mmHg, 81-91 mmHg, | Discretization and one hot encoding
pressure 92- mmHg, Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Heart rate Heart rate Continuous -74/min, 75-86/min, 87-99/min, 100-/min, | Discretization and one hot encoding
Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Respiratory rate Respiratory rate Continuous -16/min, 17-18/min, 19-20/min, 21-/min, | Discretization and one hot encoding
Unknown Cutoff values for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Oxygen saturation Oxygen saturation Continuous -95%, 96-98%, 99%, 100%, Unknown Discretization and one hot encoding
Cutoff values for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Body temperature Body temperature Continuous -36°C, 36.1-36.3°C, 36.4-36.8°C, 36.9-°C, | Discretization and one hot encoding
Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Chest pain or | Symptom of chest pain or | Binary Yes, No

abdominal pain

abdominal pain
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Fracture, abrasion, or | Symptom of fracture, | Binary Yes, No
laceration abrasion, or laceration

Loss of | Symptom  of loss  of | Binary Yes, No
consciousness consciousness

Dyspnea Symptom of dyspnea Binary Yes, No
Nose bleeding Symptom of nose bleeding Binary Yes, No
Nausea or vomiting Symptom of nausea or | Binary Yes, No

vomiting
Headache, paralysis | Symptom of headache, | Binary Yes, No

or dizziness

paralysis or dizziness
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Supplementary Table 2. Demographic characteristics of development and test cohorts

N (%) or Median (IQR)

Characteristics Total Development Test P-value
Total 1169 867 302
Demographics
Male 809 (69.2) 592 (68.3) 217 (71.9) 0.25
Age, years 53 (36-66) 52 (35-66) 56 (40-69) <0.01
Job of patients <0.01
Unemployed 299 (25.6) 197 (22.7) 102 (33.8)
Student/Housewife 161 (13.8) 129 (14.9) 32 (10.6)
Office/Commercial/Service worker 283 (24.2) 176 (20.3) 107 (35.4)
Industrial/Agricultural/Fishery/Minery
worker 36 (3.1) 25 (2.9) 11 (3.6)
Others 390 (33.4) 340 (39.2) 50 (16.6)
Past medical history
Diabetes 62 (5.3) 35 (4.0) 27 (8.9) <0.01
Hypertension 105 (9.0) 61 (7.0) 44 (14.6) <0.01
Circumstances of Trauma
Location of trauma 0.52
Residential/Nursing/Education/Exercise
facility 303 (25.9) 218 (25.1) 85 (28.1)
Road/Highway 444 (38.0) 326 (37.6) 118 (39.1)
Off-road traffic area 181 (15.5) 140 (16.1) 41 (13.6)
Others 241 (20.6) 183 (21.1) 58 (19.2)
Season of trauma <0.01
Spring 249 (21.3) 167 (19.3) 82 (27.2)
Summer 336 (28.7) 253 (29.2) 83 (27.5)
Fall 304 (26.0) 242 (27.9) 62 (20.5)
Winter 280 (24.0) 205 (23.6) 75 (24.8)
Weekday 811 (69.4) 599 (69.1) 212 (70.2) 0.72
Time of trauma 0.83
6A-MD 281 (24.0) 206 (23.8) 75 (24.8)
MD-6P 266 (22.8) 203 (23.4) 63 (20.9)
6P-MN 361 (30.9) 265 (30.6) 96 (31.8)
MN-6A 261 (22.3) 193 (22.3) 68 (22.5)
Mechanism of Trauma 0.60
Traffic accident 500 (42.8) 375 (43.3) 125 (41.4)
Slip down 325 (27.8) 232 (26.8) 93 (30.8)
Fall down 171 (14.6) 129 (14.9) 42 (13.9)
Others 173 (14.8) 131 (15.1) 42 (13.9)
Chief complaint
Altered mentality 279 (23.9) 223 (25.7) 56 (18.5) 0.01
Facture/Abrasion/Laceration 302 (25.8) 204 (23.5) 98 (32.5) <0.01
Chest/Abdominal pain 47 (4.0) 31 (3.6) 16 (5.3) 0.19
Dyspnea 25 (2.1) 20 (2.3) 5(.7) 0.50

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



oNOYTULT D WN =

Epistaxis
Headache/Paralysis/Dizziness/Vertigo
Nausea/VVomiting

EMS Vital sign assessment

SBP, mmHg
Missing
DBP, mmHg
Missing
HR, /min
Missing
RR, /min
Missing
Sp02, %
Missing
Temperature, °C
Missing
AVPU scale
Alert
Verbal
Pain
Unresponsive
Abnormal light reflex
Missing
GCS scale component
Glasgow coma scale eye
4
3
2
1
Unknown
Glasgow coma scale Verbal
5

= N W B

Unknown
Glasgow coma scale Motor
6

= N W b~ O

Unknown
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44 (3.8)
95 (8.1)
32 (2.7)

130 (109-
150)

65 (5.6)
80 (70-91)
75 (6.4)
86 (75-99)
31 (2.7)
18 (16-20)
36 (3.1)
98 (95-99)

38 (3.3)
36.5 (36-
36.8)

94 (8.0)

714 (61.1)
168 (14.4)
199 (17.0)
88 (7.5)
165 (14.1)
66 (5.6)

558 (47.7)
128 (10.9)
110 (9.4)
174 (14.9)
199 (17.0)

520 (44.5)
118 (10.1)
25 (2.1)
132 (11.3)
174 (14.9)
200 (17.1)

499 (42.7)
124 (10.6)
158 (13.5)
47 (4.0)
17 (1.5)
125 (10.7)
199 (17.0)

30 (3.5)
64 (7.4)
20 (2.3)

130 (104-146)
56 (6.5)
80 (69-90)
65 (7.5)
86 (74-99)
28 (3.2)

18 (16-20)
33 (3.8)
98 (95-99)
33(3.8)

36.5 (36-36.8)
65 (7.5)

504 (58.1)
136 (15.7)
158 (18.2)
69 (8.0)
132 (15.2)
57 (6.6)

380 (43.8)
109 (12.6)
82 (9.5)
141 (16.3)
155 (17.9)

359 (41.4)
88 (10.1)
19 (2.2)
105 (12.1)
141 (16.3)
155 (17.9)

333 (38.4)
103 (11.9)
123 (14.2)
39 (4.5)
15 (1.7)
99 (11.4)
155 (17.9)

14 (4.6)
31 (10.3)
12 (4.0)

131 (115-
150)

9(3.0)
80 (70-92)
10 (3.3)
86 (76-100)
3(1.0)
18 (16-20)
3(1.0)
98 (96-99)

5(1.7)
36.5 (36-
36.7)

29 (9.6)

210 (69.5)
32 (10.6)
41 (13.6)
19 (6.3)
33 (10.9)

9(3.0)

178 (58.9)
19 (6.3)
28 (9.3)
33 (10.9)
44 (14.6)

161 (53.3)
30 (9.9)
6(2.0)
27 (8.9)

33(10.9)

45 (14.9)

166 (55.0)
21 (7.0)
35 (11.6)

8 (2.6)

2 (0.7)
26 (8.6)
44 (14.6)
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0.36
0.11
0.13

<0.01
0.02
<0.01
0.01
<0.01
0.04
<0.01
0.01
<0.01
0.07

<0.01
0.25
<0.01

<0.01

<0.01

0.01

<0.01
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1

2

3

4

5 EMS management

6 Intravenous route 176 (15.1) 129 (14.9) 47 (15.6) 0.77
7 Hemorrhage control 586 (50.1) 426 (49.1) 160 (53.0) 0.25
8 Spinal motion restriction 811 (69.4) 606 (69.9) 205 (67.9) 0.51
?O Advanced airway management 4(0.3) 2(0.2) 2 (0.7) 0.28
11 Oxygen supply 233 (19.9) 176 (20.3) 57 (18.9) 0.59
12 Field triage decision scheme criteria

13 Physiological criteria

14 SBP<90 mmHg 58 (5.0) 42 (4.8) 16 (5.3) 0.75
: 2 RR<10 or >29 /min 11 (0.9) 11 (1.3) 0(0.0) 0.08
17 Non-Alert 429 (36.7) 343 (39.6) 86 (28.5) <0.01
18 Anatomic criteria

19 All penetrating injuries to head, neck,

20 torso and extremities proximal to elbow

2 or knee 34 (2.9) 23 (2.7) 11 (3.6) 0.38
22 Chest wall instability or deformity 4(0.3) 4 (0.5) 0(0.0) 0.58
23 Two or more proximal long bone

24 fractures 19 (1.6) 13 (1.5) 6 (2.0) 0.60
25 Crush, degloved, mangled or

26 pulseless extremity 15 (1.3) 13 (1.5) 2 (0.7) 0.38
27 Amputation proximal to wrist or ankle 9(0.8) 9 (1.0) 0(0.0) 0.12
;g Pelvic fractures 8(0.7) 6(0.7) 2(0.7) >0.95
30 Open or depressed skull fracture 17 (1.5) 9 (1.0) 8 (2.6) 0.05
31 Paralysis 21 (1.8) 11 (1.3) 10 (3.3) 0.02
32 Mechanism of injury criteria

33

34 Fall > 6 meter 113 (9.7) 84 (9.7) 29 (9.6) >0.95
35 High-risk auto crash 96 (8.2) 73 (8.4) 23 (7.6) 0.66
36 Auto vs pedestrian/bicyclist thrown,

37 run over, or with significant (>30km/h)

38 impact 119 (10.2) 83 (9.6) 36 (11.9) 0.25
23 Motorcycle crash > 30 km/hour 105 (9.0) 70 (8.1) 35 (11.6) 0.07
41 ED disposition 0.11
jé Discharge 320 (27.4) 241 (27.8) 79 (26.2)

44 Transfer 444 (38.0) 316 (36.4) 128 (42.4)

45 Admitted 366 (31.3) 276 (31.8) 90 (29.8)

46 . .

47 In-hospital mortality 90 (7.7) 74 (8.5) 16 (5.3) 0.07
48 Outcomes

4

53 TBI 281 (24.0) 215 (24.8) 66 (21.9) 0.30
51 TBI with intracranial injury 251 (21.5) 195 (22.5) 56 (18.5) 0.15
gg TBI-related non-discharge 249 (21.3) 192 (22.1) 57 (18.9) 0.23
54 TBI-related death 43 (3.7) 32 (3.7) 11 (3.6) >0.95
55 IQR, interquartile range; SBP, systolic blood pressure; RR, respiratory rate; ED, emergency department; TBI,
56

57 traumatic brain injury.

58

59

60
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Supplementary Figure 1. Receiver operating characteristics of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I,

BMJ Open

TBI with intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death.
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1
2
i Supplementary Figure 2. Precision-recall curve of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I, TBI with
5 intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death; LR, logistic regression analysis; XGB, extreme gradient
6
7 boosting; RF, random forest, EN, elastic net.
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Supplementary Figure 3. Calibration plot of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I, TBI with

intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death; p, p-value of Hosmer-Lemeshow test; BS, scaled

Brier score.
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TRIPOD Checklist: Prediction Model Development and Validation

BMJ Open

1
2 Section/Topic Item Checklist Item
3 Title and abstract
) . Identify the study as developing and/or validating a multivariable prediction model, the
4 Title 1 DV - ;
target population, and the outcome to be predicted.
5 . Provide a summary of objectives, study design, setting, participants, sample size,
Abstract 2 DV . o ; :
predictors, outcome, statistical analysis, results, and conclusions.
6 Introducti
ntroduction
/ Explain the medical context (including whether diagnostic or prognostic) and rationale
8 3a D;V | for developing or validating the multivariable prediction model, including references to
9 Backgrpuqd existing models.
10 and objectives 3p DV Specify the objectives, including whether the study describes the development or
1 ’ validation of the model or both.
Methods
12 4a DV Describe the study design or source of data (e.g., randomized trial, cohort, or registry
13 Source of data ’ data), separately for the development and validation data sets, if applicable.
. Specify the key study dates, including start of accrual; end of accrual; and, if applicable,
14 b D:V end of follow-up
15 5a DV Specify key elements of the study setting (e.g., primary care, secondary care, general
16 Particioants ’ population) including number and location of centres.
17 P 5b D;V Describe eligibility criteria for participants.
18 5c D;V | Give details of treatments received, if relevant.
19 6a DV Clearly define the outcome that is predicted by the prediction model, including how and
Outcome ’ when assessed.
20 6b D;V Report any actions to blind assessment of the outcome to be predicted.
21 7a DV Clearly define all predictors used in developing or validating the multivariable prediction
22 Predictors ’ model, including how and when they were measured.
7b DV Report any actions to blind assessment of predictors for the outcome and other
23 ’ predictors.
24 Sample size 8 D;V Explain how the study size was arrived at.
25 Missing data 9 DV Describe how missing data were handled (e.g., complete-case analysis, single
26 ’ imputation, multiple imputation) with details of any imputation method.
10a D Describe how predictors were handled in the analyses.
27 10b D Specify type of model, all model-building procedures (including any predictor selection),
28 Statistical and method for internal validation.
analysis 10c For validation, describe how the predictions were calculated.
29 :
30 methods 10d DV Specify all measures used to assess model performance and, if relevant, to compare
’ multiple models.
31 10e \ Describe any model updating (e.g., recalibration) arising from the validation, if done.
32 Risk groups 11 D;vV Provide details on how risk groups were created, if done.
33 Development 12 v For validation, identify any differences from the development data in setting, eligibility
34 vs. validation criteria, outcome, and predictors.
Results
35 Describe the flow of participants through the study, including the number of participants
36 13a D;V | with and without the outcome and, if applicable, a summary of the follow-up time. A
37 diagram may be helpful.
38 Participants Describe the characteristics of the participants (basic demographics, clinical features,
P 13b D;v available predictors), including the number of participants with missing data for
39 predictors and outcome.
40 13c v For validation, show a comparison with the development data of the distribution of
41 important variables (demographics, predictors and outcome).
Model 14a D Specify the number of participants and outcome events in each analysis.
42 development 14b D If done, report the unadjusted association between each candidate predictor and
43 outcome.
44 Model 15a D Present the full prediction model to allow predictions for individuals (i.e., all regression
L coefficients, and model intercept or baseline survival at a given time point).
45 specification
46 15b D Explain how to the use the prediction model.
47 ;’;Aeor(fj:rlmance 16 D;v Report performance measures (with Cls) for the prediction model.
48 Model-updating 17 v If done, report the results from any model updating (i.e., model specification, model
performance).
49 = :
Discussion
50 Limitations 18 DV Discuss any limitations of the study (such as nonrepresentative sample, few events per
51 ’ predictor, missing data).
For validation, discuss the results with reference to performance in the development
52
19a \% S
53 Interoretation data, and any other validation data.
P . Give an overall interpretation of the results, considering objectives, limitations, results
19b D;V
54 ’ from similar studies, and other relevant evidence.
55 Implications 20 D;V | Discuss the potential clinical use of the model and implications for future research.
Other information
56
7 Supplementary 21 DV Provide information about the availability of supplementary resources, such as study
5 information ’ protocol, Web calculator, and data sets.
58 Funding 22 D;V | Give the source of funding and the role of the funders for the present study.
59
60

*Items relevant only to the development of a prediction model are denoted by D, items relating solely to a validation of a prediction model are
denoted by V, and items relating to both are denoted D;V. We recommend using the TRIPOD Checklist in conjunction with the TRIPOD
Explanation and Elaboration document.

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



BMJ Open

BM) Open

Development and validation of a prehospital-stage
prediction tool for traumatic brain injury: a multicentre
retrospective cohort study in Korea

Journal:

BMJ Open

Manuscript ID

bmjopen-2021-055918.R1

Article Type:

Original research

Date Submitted by the
Author:

25-0ct-2021

Complete List of Authors:

Choi, Yeong Ho; Seoul National University Hospital, Emergency
Department; Seoul National University Hospital Biomedical Research
Institute, Laboratory of Emergency Medical Services

Park, Jeong Ho; Seoul National University Hospital, Emergency
Department; Seoul National University Hospital Biomedical Research
Institute, Laboratory of Emergency Medical Services

Hong, Ki Jeong; Seoul National University Hospital, Emergency Medicine;
Seoul National University Hospital Biomedical Research Institute,
Laboratory of Emergency Medical Services

Ro, Young Sun; Seoul National University Hospital, Emergency Medicine;
Seoul National University Hospital Biomedical Research Institute,
Laboratory of Emergency Medical Services

Song, Kyoung Jun; Seoul Metropolitan Boramae Hospital, Department of
Emergency Medicine; Seoul National University Hospital Biomedical
Research Institute, Laboratory of Emergency Medical Services

Shin, Sang Do; Seoul National University Hospital, Department of
Emergency Medicine; Seoul National University Hospital Biomedical
Research Institute, Laboratory of Emergency Medical Services

<b>Primary Subject
Heading</b>:

Emergency medicine

Secondary Subject Heading:

Emergency medicine, Health informatics

Keywords:

ACCIDENT & EMERGENCY MEDICINE, Neurological injury < NEUROLOGY,
Trauma management < ORTHOPAEDIC & TRAUMA SURGERY

ONE™

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml




Page 1 of 48

oNOYTULT D WN =

BMJ Open

BM)

I, the Submitting Author has the right to grant and does grant on behalf of all authors of the Work (as defined
in the below author licence), an exclusive licence and/or a non-exclusive licence for contributions from authors
who are: i) UK Crown employees; ii) where BMJ has agreed a CC-BY licence shall apply, and/or iii) in accordance
with the terms applicable for US Federal Government officers or employees acting as part of their official
duties; on a worldwide, perpetual, irrevocable, royalty-free basis to BMJ Publishing Group Ltd (“BMJ”) its
licensees and where the relevant Journal is co-owned by BMJ to the co-owners of the Journal, to publish the
Work in this journal and any other BMJ products and to exploit all rights, as set out in our licence.

The Submitting Author accepts and understands that any supply made under these terms is made by BMJ to
the Submitting Author unless you are acting as an employee on behalf of your employer or a postgraduate
student of an affiliated institution which is paying any applicable article publishing charge (“APC”) for Open
Access articles. Where the Submitting Author wishes to make the Work available on an Open Access basis (and
intends to pay the relevant APC), the terms of reuse of such Open Access shall be governed by a Creative
Commons licence — details of these licences and which Creative Commons licence will apply to this Work are set
out in our licence referred to above.

Other than as permitted in any relevant BMJ Author’s Self Archiving Policies, | confirm this Work has not been
accepted for publication elsewhere, is not being considered for publication elsewhere and does not duplicate
material already published. | confirm all authors consent to publication of this Work and authorise the granting
of this licence.

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml


https://authors.bmj.com/wp-content/uploads/2018/11/BMJ_Journals_Combined_Author_Licence_2018.pdf
http://creativecommons.org/

oNOYTULT D WN =

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

BMJ Open Page 2 of 48

Title page

1. Title

Development and validation of a prehospital-stage prediction tool for traumatic brain

injury: a multicentre retrospective cohort study in Korea

2. Authors

Yeong Ho Choi, MD

Department of Emergency Medicine, Seoul National University College of Medicine and
Hospital, Seoul, Republic of Korea

Laboratory of Emergency Medical Services, Seoul National University Hospital
Biomedical Research Institute, Seoul, Korea

E-mail: d2uk87@gmail.com

Jeong Ho Park, MD

Department of Emergency Medicine, Seoul National University College of Medicine and
Hospital, Seoul, Republic of Korea

Laboratory of Emergency Medical Services, Seoul National University Hospital
Biomedical Research Institute, Seoul, Korea

E-mail: timthe@gmail.com

Ki Jeong Hong, MD, PhD

Department of Emergency Medicine, Seoul National University College of Medicine and

Hospital, Seoul, Republic of Korea

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



Page 3 of 48

oNOYTULT D WN =

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

BMJ Open

Laboratory of Emergency Medical Services, Seoul National University Hospital
Biomedical Research Institute, Seoul, Korea

E-mail: emkjhong@gmail.com

Young Sun Ro, MD, DrPH

Department of Emergency Medicine, Seoul National University College of Medicine and
Hospital, Seoul, Republic of Korea

Laboratory of Emergency Medical Services, Seoul National University Hospital
Biomedical Research Institute, Seoul, Korea

E-mail: ro.youngsun@gmail.com

Kyoung Jun Song, MD, PhD

Department of Emergency Medicine, Seoul Metropolitan Government Seoul National
University Boramae Medical Center, Seoul, Republic of Korea

Laboratory of Emergency Medical Services, Seoul National University Hospital
Biomedical Research Institute, Seoul, Korea

E-mail: skciva@gmail.com

Sang Do Shin, MD, PhD

Department of Emergency Medicine, Seoul National University College of Medicine and
Hospital, Seoul, Republic of Korea

Laboratory of Emergency Medical Services, Seoul National University Hospital
Biomedical Research Institute, Seoul, Korea

E-mail: shinsangdo@gmail.com

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



oNOYTULT D WN =

49

50

51

52

53

54

55

56

57

58

BMJ Open

3. Address correspondence and requests for reprints: Jeong Ho Park, MD
Address: Seoul National University Hospital, 101 Daehak-Ro, Jongno-Gu, Seoul 03080,
Korea
Phone: +82-2-2072-1800
FAX: +82-2-741-7855

E-mail: timthe@gmail.com

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

Page 4 of 48



Page 5 of 48

oNOYTULT D WN =

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

BMJ Open

Abstract

Objectives: Predicting diagnosis and prognosis of traumatic brain injury (TBI) at the
prehospital stage is challenging; however, using comprehensive prehospital information and
machine learning may improve the performance of the predictive model. We developed and
tested predictive models for TBI that use machine learning algorithms using information that
can be obtained in the prehospital stage.

Design: This was a multi-center retrospective study.

Setting and participants: This study was conducted at three tertiary academic emergency
departments (EDs) located in an urban area.of South Korea. The data from adult patients with
severe trauma who were assessed by emergency medical service (EMS) providers and
transported to three participating hospitals between 2014 to 2018 were analyzed.

Results: We developed and tested five machine learning algorithms—Ilogistic regression
analyses, extreme gradient boosting, support vector machine, random forest, and elastic net
(EN)—to predict TBI, TBI with intracranial hemorrhage or injury (TBI-I), TBI with
emergency department or admission result of admission or transferred (TBI-ND), and TBI
with emergency department or admission result of death (TBI-D). Of the 1,169 patients in the
development cohort, TBI, TBI-I, TBI-ND, and TBI-D was 24.0%, 21.5%, 21.3%, and 3.7%,
respectively. The EN model yielded an AUROC of 0.799 for TBI, 0.844 for TBI-I, 0.811 for
TBI-ND, and 0.871 for TBI-D. The EN model also yielded the highest specificity, and
significant reclassification improvement. Variables related to loss of consciousness, Glasgow
Coma Scale, and light reflex were the three most important variables to predict all outcomes.
Conclusion: Our results inform the diagnosis and prognosis of TBI. Machine learning
models resulted in significant performance improvement over that with logistic regression

analyses, and the best performing model was EN.
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Strengths and limitations of this study

e This is an original research to develop and internally validate prehospital-stage prediction
models for traumatic brain injury using high dimensional prehospital information.

e Machine learning models showed acceptable-to-excellent discrimination performance.

e The retrospective observational study design could lead to certain types of bias (eg,
selection bias, confounding bias).

e External validation for other areas should be conducted to generalize the developed

prediction model.
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Introduction

Traumatic brain injury (TBI) is a significant health burden worldwide.! It is the leading cause
of mortality and disability among young individuals.? Patients with TBI are vulnerable to
hypoxia and hypotension in the early period of their course and these insults are associated
with poor outcomes.? # Prehospital assessment and management of patients with TBI is
important,’ as early prediction of TBI and correcting hypoxia and hypotension during the
prehospital stage could be beneficial.? However, the identification of TBI can often be
challenging in the prehospital area.> Vulnerable patients, including the elderly or patients who
take medications like anti-platelet or anticoagulant drugs, often have TBI owing to low
energy insults.® Prehospital clinical signs are also reported to have poor sensitivity for raised
intracranial pressure following TBI.’

Several prediction models to target patients with TBI have been reported.’-!2
However, most incorporated information that is available only in the hospital, such as
laboratory results or image findings.® ° 13 In addition, most previous prediction models
focused on the outcomes of patients with TBI, 416 not the identification of TBI. Previously,
predictors of older adult patients with TBI who required transport to a trauma center were
identified. However, this was consensus-based; therefore, there is a lack of clinical data.!”
Accurate prehospital prediction of TBI and its severity could prevent delays to definite care
for patients with TBI. Most emergency medical service (EMS) providers collect various
information including demographics, past medical history, circumstances of the trauma, and
clinical signs including vital signs; but those variables have not been evaluated together as
predictors of TBI and its severity. Using a variety of prehospital information, and adapting
newly emerging machine learning algorithms for predicting diagnosis, disposition, and

outcome of TBI, might improve the accuracy of identification of TBI and its severity.
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The aim of this study was to develop and test prediction models for the diagnosis and
prognosis of TBI using prehospital information and machine learning algorithms among
patients with severe trauma. We hypothesized that incorporating prehospital information
could achieve acceptable performance in predicting TBI, and machine learning algorithms

could contribute to performance improvement.

Materials and Methods

Study design and settings

This was a multi-center retrospective study conducted at three tertiary academic emergency
departments (EDs) located in an urban area (Seoul and Bundang) of South Korea. These EDs
received 50,000-90,000 visits annually and are not designated trauma centers. We adhered to
the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or
Diagnosis (TRIPOD) statement on reporting predictive models.!®

The EMS system in South Korea is operated by the National Fire Agency. The EMS
level is considered intermediate, as EMS providers can perform bleeding control, spinal
motion restriction, immobilization and splintage, advanced airway management, and
administer fluid intravenously. As only physicians can declare death in South Korea, EMS
providers cannot stop resuscitation and must transport all patients including those in cardiac
arrest to the ED. For all EMS transport, EMS providers record an ambulance run-sheet by
law. Since 2012, the National Fire Agency adapted the United States Centers for Disease
Control and Prevention of the United States field triage decision scheme to evaluate patients
with trauma,'® and they developed an EMS severe trauma in-depth registry. For said patients,
EMS providers evaluate whether patients met trauma center transport criteria in the field

triage decision scheme. If they did, the in-depth registry should be recorded, and EMS
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transport protocol recommends that patients are transferred to a near regional trauma center;
but it is not mandatory.

The Ministry of Health and Welfare designated three ED levels according to the
resources and functional requirements; level 1 (n = 36) and level 2 (n = 118) EDs have more
resources and better facilities for emergency care and must be staffed by emergency
physicians 24 hours a day/365 days a year; whereas level 3 EDs (n = 248) can be staffed by
general physicians. In accordance with the EMS Act, all EDs participated annually in a
nationwide functional performance evaluation program, which was administered by the
Ministry of Health and Welfare. The three participating hospitals in this study were all level 1
EDs that can perform acute trauma care for patients with TBI 24 hours a day/365 days a
year—including emergency neurosurgical operation and angiographic interventions. The
Ministry of Health and Welfare also designated trauma centers in Korea. Total 16 trauma

centers were designated as trauma centers in 2018. Among them, 15 were Level I EDs.

Data source

We used an EMS ambulance run-sheet, EMS trauma in-depth registry, and ED administrative
database. The EMS database information, including ambulance run-sheet and trauma in-depth
registry, was collected electronically by EMS providers using tablets. The EMS record
review for each severe trauma has been performed by EMS medical directors of each fire
department since 2012. The ED administrative database contains patients’ demographic
characteristics, route of visit, time of visit, and diagnosis and disposition. We merged the
EMS database with the ED administrative database based on patients’ arrival time, age, and

SEX.
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Study population

We included adult (age > 15) EMS users who were transported to participating hospitals with
severe trauma from January 1, 2014 to December 31, 2018. Severe trauma was assessed by
EMS providers and defined as patients who fulfilled trauma center transport criteria
(physiologic criteria, anatomic criteria, mechanism of injury criteria, or special patients or
system consideration criteria) in the field triage decision scheme.?® Patients were excluded if
they had out-of-hospital cardiac arrest or their main cause of EMS call was medical or
nontraumatic injury including choking, drowning, fire, flame, heat, cold, poisoning, chemical,
sexual assault, weather, or natural disaster. Patients with an unknown outcome were also

excluded.

Outcome measure

The primary outcome measure was the diagnosis of TBI. TBI diagnosis was defined as
patients whose diagnostic code, according to the International Statistical Classification of
Diseases and Related Health Problems (ICD-10), was between S06.0 and S06.9.%! 22
Although S06.7 is codes for the duration of unconscious, we included S06.7 in our study
outcome according to the previous studies. >'-* However, no patients only have S06.7 code
for TBI diagnosis in our study.The ED administrative database has two types of primary
diagnostic codes: the final diagnostic codes at ED discharge and at hospital discharge. We
extracted up to 20 codes for each. We defined the diagnostic code as positive for TBI if a
confirmative diagnostic code was found in any level of the discharge record. Because ICD 10
code is not directly linked to the severity of TBI, we further included a variety of additional
outcome measures to perform analysis that take into account severity. A secondary outcome

measure was TBI diagnosis with intracranial hemorrhage or injury (TBI-I), defined as TBI

10
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patients excluding concussion (ICD 10 code with S06.0). A tertiary outcome was TBI with
non-discharge (TBI-ND), defined as TBI patients excluding ED discharged patients. Because
TBI-ND patients needed further management by hospitalization or transfer, we thought that
this group of patients had clinically significant severity. A quaternary outcome measure was
TBI with death (TBI-D), defined as TBI patients who died in ED or hospital. Because TBI-D

patients are most severe group, TBI-D patients were also included in TBI-ND.

Variables and preprocessing

We collected patients’ demographic data, circumstances of trauma, chief complaints, EMS
vital sign assessment, EMS management and hospital outcomes. The detailed descriptions of
each variable are described in Supplementary Table 1. Categorical variables were
preprocessed with the one-hot encoding (dummy variable encoding) method. Continuous
variables were divided into four quantiles and unknown or missing values were categorized
as a fifth category. One-hot encoding was also applied to discretized continuous variables.
Preprocessing measures including discretization results of continuous variables are presented

in Supplementary Table 1.

Model development

We developed prediction models for outcomes by using five machine learning algorithms:
traditional logistic regression analyses (LR), extreme gradient boost (XGB), random forest
(RF), support vector machine (SVM), and elastic net (EN). The LR algorithm was chosen as
baseline comparison algorithm because it is widely used in the medical field and has been
used for previous prediction model development in TBI studies.!> Backward stepwise LR was
selected for feature selection, and we used the default parameter of stepAIC function from

MASS package (version 7.3-53.1) in R for the selection. The other four algorithms were

11
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selected based on their ability to model nonlinear associations, their relative ease of
implementation, and their general acceptance in the machine learning community.?*2¢ All
algorithms have a method to calculate the probability of the outcome occurring and
algorithms other than LR need hyperparameter tuning for proper training and prediction.

The study population was split into training cohorts that included development,
validation, and test cohorts. The development cohort included a training cohort from which
each of the machine learning prediction models were derived and a validation cohort in which
the prediction models were applied to adjust the hyperparameters of the algorithm. The test
cohort was used for the final evaluation of the performance of the prediction models.
Chronological split was used for data split. Patients enrolled from January 1, 2014 to
December 31, 2016 were used as the training cohort; patients from January 1, 2017 to
December 31, 2017 were used as the validation cohort; and patients from January 1, 2018 to
December 31, 2018 were used as the test cohort. Hyperparameter tuning using validation data
was conducted by, first, a random search within 10,000 randomly generated hyperparameters;
then, grid search hyperparameters chosen around from random search with five candidates
per each hyperparameter. Finally, hyperparameter with best area under receiver-operation
curve (AUROC) in validation cohorts were selected. Test data were separated during training

and tuning processes and used to measure algorithm performance.

Statistical analysis

The demographic findings and outcomes of the study population were described in this study.
Additionally, the baseline characteristics of the training cohort and the validation cohort were
compared. The continuous variables were compared by using Student’s T-test or the
Wilcoxon rank sum test, and the categorical variables were compared by using the chi-

squared test or the Fisher exact test, as appropriate.
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We assessed discrimination performance by comparing the AUROC for each model
in the test cohort. We considered an AUROC of 0.5 as no discrimination, 0.7 to 0.8 as
acceptable, 0.8 to 0.9 as excellent, and more than 0.9 is considered outstanding.?” Area under
the precision-recall curve (AUPRC) was assessed for each model in the test cohort. We
assessed the calibration power by using the Hosmer—Lemeshow test, the scaled Brier score,
and a calibration plot in the test cohort. For the delineation of test characteristics, the
sensitivity, specificity, and positive and negative predictive values with 95% ClIs were
determined using a cutoff probability at a sensitivity of 80%. Given that poor sensitivity of
clinical predictors for TBI in previous studies,’ and almost 75% sensitivity level for other
severe disease prediction in prehospital settings,?® 2° we thought that 80% sensitivity was an
appropriate target for our prediction model. We calculated false positive rate as 1 —
specificity. The added prognostic power of each prediction model compared to the LR model
was also evaluated by continuous net reclassification index (NRI). NRI is a statistical method
to quantify how well a new model correctly reclassifies the study population with the other
models. Details of NRI are described elsewhere.3°

By using a model-specific metric, the variable importance of each model was
assessed, except for the SVM algorithm. The variable importance was determined by the
coefficient effect sizes for the LR model. The XGB and RF models were ranked by variable
importance on the selection frequency of the variable as a decision node. The absolute value
of the coefficients corresponding to the tuned model were used for the measurement of
variable importance in the EN algorithm. To compare the variable importance of each

prediction models efficiently, top 5 variables of each model was presented.
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All statistical analyses were performed with R Statistical Software (version 4.0.1; R
Foundation for Statistical Computing, Vienna, Austria). Packages included caret, e1071,

xgboost, randomForest, and glmnet for the analysis of the machine learning algorithms.

Patient and public involvement

This research was done without patient involvement. Patients were not invited to comment on
the study design and were not consulted to develop patient relevant outcomes or interpret the
results. Patients were not invited to contribute to the writing or editing of this document for

readability or accuracy.

Result

Demographic findings

Among the 157,134 EMS users transported to three hospitals from 2014 to 2018, 1,169
patients were included in the final analysis (Figure 1). Patients were split into 2 datasets: data
from 2014 to 2017, consisting of 867 patients (74.2%) in the development cohort; and the
remaining data from 2018 consisting of 302 patients (25.8%) in the test cohort (Figure 1).
Among the development cohort, data from 2014 to 2016—consisting of 661 patients—were
used as the training cohort, and 2017 data—consisting of 206 patients—were used as the
validation cohort in the model.

Table 1 shows key demographic findings of the development and test cohorts. Median
(IQR) age was 52 years (35—66) in the development cohort and 56 years (40—69) in the test
cohort. Traffic accident was most common mechanism of trauma (43.3% for the development

cohort and 41.4% for the test cohort). The proportion of patients with alert mental status was
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58.1% for the development cohort and 69.5% in the test cohort. Overall, TBI, TBI-I, TBI-
ND, TBI-D occurred in 215 (24.8%), 195 (22.5%), 192 (22.1%), and 32 (3.7%) in the
development cohort; and 66 (21.9%), 56 (18.5%), 57 (18.9%), and 11 (3.6%) in the test
cohort. All demographic characteristics of the development and test cohorts are described in

Supplementary Table 2.

Main analysis

The final hyperparameters of prediction models are described in Supplementary Table 3. The
discrimination and NRI of the prediction models on the test cohort are presented in Table 2.
The AUROC for outcomes were 0.770-0.806 for TBI, 0.820-0.844 for TBI-I, 0.767—-0.811
for TBI-ND, and 0.664—0.889 for TBI-D (Table 2 and Supplementary Figure 1). Compared to
LR, XGB performed significantly well in predicting TBI, and RF and EN performed well in
predicting TBI-ND and TBI-D. EN model generally performed well on all outcomes. The
AUROC of the EN model for outcomes were 0.799 (95% CI: 0.732-0.867), 0.844 (95% CI:
0.779-0.910), 0.811 (95% CI: 0.741-0.882), and 0.871 (95% CI: 0.764—0.978) for TBI, TBI-
I, TBI-ND, and TBI-D, respectively. Machine learning models generally resulted in
significant reclassification improvement compared to LR for TBI, TBI-I, and TBI-ND. For
prediction TBI-D, AUROC difference, and reclassification improvement compared to LR
was non-significant in all machine learning models. The precision-recall curve is shown in
Supplementary Figure 2. AUPRC were 0.479-0.564 for TBI, 0.469—0.606 for TBI-I, 0.477—
0.551 for TBI-ND and 0.094-0.140 for TBI-D. EN model showed highest AUPRC among all
prediction models. Supplementary Figure 3 shows the calibration plot of prediction models
according to outcomes. All prediction models generally showed poor calibration. Given the

high AUROC and AUPRC among prediction models, and reclassification improvement

15

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



Page 17 of 48

oNOYTULT D WN =

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

BMJ Open

compared to LR, we determined EN as a best-performing prediction model in our analysis.

Using cutoff of 80% sensitivity, specificity was 47.5-68.2% for TBI, 71.1-81.3% for
TBI-I, 46.1-74.3% for TBI-ND, and 42.6-—.0 for TBI-D. EN showed the highest specificity
and PPV among all outcomes. False positive rate (1 — specificity) was almost 19.7-39.0%
according to outcomes in the EN model. The 95% CI of specificity of the EN model was not
overlapped with LR in TBI, TBI-ND, and TBI-D predictions. NPV was almost 89-99% for
all outcomes in the prediction models (Table 3).

Table 4 shows the top 5 variable importance of prediction models according to
outcomes. Variables related to patients’ symptom of loss of consciousness, Glasgow Coma
Scale component, and light reflex were the three most important variables to predict all
outcomes. Compared to other outcomes, the difference between variable importance for TBI-
D was prominent, and the mechanism of injury, heart rate, and age showed the highest

importance for predicting TBI-D.

Discussion

By using prehospital data from EMS users visiting three teaching hospitals, we developed
and validated prediction models for the diagnosis and prognosis of TBI using machine
learning algorithms among patients with severe trauma, identified by EMS providers in South
Korea. We found that 24% of patients were diagnosed with TBI, 22% showed intracranial
injury, 21% could not be discharged from the ED with a TBI diagnosis, and 4% showed TBI-
related death. Machine learning models showed acceptable-to-excellent discrimination
performance (AUROCSs were 0.799—0.871 according to outcomes in the best-performing EN
model). When identifying 80% of target patients with TBI, the false positive rate was almost

19.7-39.0%. Consciousness status related variables ranging from patients’ symptom to EMS
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providers’ assessment showed the highest importance for predicting all outcomes. This study
adds considerably to the understanding of prehospital prediction performance of TBI among
patients with severe trauma. Use of comprehensive prehospital information and certain
machine learning approaches led to increased performance with a diminished false positive
rate compared to those of the traditional statistical model.

Several studies reported that EMS providers’ assessment using prehospital
information is effective for the identification of patients with severe trauma who require
direct transport to a trauma center.3!-33 Because TBI accounts for a significant portion of
patients with severe trauma,’? and the majority of patients have poor access to trauma
centers,** identification of TBI among patients with severe trauma by EMS providers could
contribute to proper prehospital management and destination hospital decisions.> However,
prehospital identification of TBI is challenging.? Prehospital clinical signs showed poor
predictive performance for differentiating patients with TBI. 7, and previous prediction
models related to TBI mostly focused on TBI outcomes.®? 13 One study reported the
predictors for mild TBI with persistent symptoms; but a single-center case-control study
design and ED-based model development lacks applicability to prehospital settings.3¢ In this
study, we developed and tested TBI prediction models that used prehospital information, and
we found acceptable discrimination power for the prediction of diagnosis and prognosis of
TBI. Uniquely, we incorporated various demographic variables, trauma circumstances,
patients’ complaints, and EMS assessment information in the prediction models, and we
adapted the machine learning algorithms.

When using a cutoff for 80% sensitivity for TBI detection, the false positive rate was

19.7-39.0% (Table 2). Those false positive rate levels are plausible for detecting severe

diseases in EMS settings. A previous study reported a 26% of false positive rate of EMS
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triage for myocardial infarction with a sensitivity of 74% and 50% of false positive rate of
EMS recognition of stroke in sensitivity of 74%.%82° Considering the prevalence of outcomes
(24% in TBI, 22% in TBI-I, 21% in TBI-ND, and 4% in TBI-D; Table 1), there would be 16,
9, 12, and 67 false-positive patients for every 10 patients that are accurately identified as TBI,
TBI-I, TBI-ND, and TBI-D, respectively (Supplementary Table 4). Because of the low
prevalence of TBI-D, a similar specificity of the prediction model for outcomes resulted in a
very low positive predictive value and a high proportion of false positive cases, which
suggested the limited applicability of prediction models for TBI-D in prehospital settings.

Consciousness-status-related variables ranging from patients’ complaints to EMS
assessment showed the highest importance regardless of models and outcomes in our study.
Consciousness status is closely associated with head trauma. Head trauma can result in
structural brain injury or physiological disruption of brain function, which could result in
altered mental status.>” Mental status is also associated with TBI severity, 38 and its
association with TBI outcomes have been reported.®® !* History taking and physical
examination for altered mental status is key to early diagnosis and proper management of TBI
in prehospital settings.

We adapted machine learning algorithms for the prediction of TBI-related outcomes
and found an improvement in discrimination and an increase in specificity with the same
sensitivity thresholds. However, the LR model also showed acceptable or similar
performance compared to machine learning models, according to the outcomes. In clinical
prediction models, a previous systematic review reported no performance benefit of the
machine learning model over LR.*’ The previous study stated that machine learning models
tend to show high performance with a strong signal-to-noise ratio problem like gaming,

image recognition. However, clinical prediction problems often result in a poor signal-to-
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noise ratio.*? If we could use unstructured data, which has strong signal-to-noise ratio like
continuous vital sign monitoring data or audiovisual data for patients’ appearance, machine
learning models might perform better than LR models. In addition, if we analyzed more
patient data, the performance improvement of machine models might be elucidated.

Precise assessment in prehospital field could contribute to improved patient-related
outcomes. High demand of EMS call and response, disparity in accessibility to definitive care
capable hospitals according to regions,?* and the importance of timely management in acute
disease care are the chief reasons behind the necessity for the accurate assessment of EMS
providers. Although information acquisition and processing is quite difficult in prehospital
areas, various instruments and information systems could attribute to diminish those
problems. Complex data acquisition like mobile CT or other unstructured data*!, information
sharing through telemedicine,*? and decision support tools in prehospital environments*?
could contribute to the accurate assessment of EMS providers. More information acquisition
and real-time processing of those data could improve the clinical prediction models in
prehospital areas, which could lead to the improvement of patients’ safety and outcomes.

Our study had several limitations. First, our data were collected at three teaching
hospitals in urban areas of South Korea. Therefore, external validation for other areas should
be conducted to generalize the developed prediction model. Second, we used retrospective
analysis of electronically collected prehospital and hospital data. There might be various
information loss and missing data. We treated missing status as a separate category for our
analysis;* however, there could be different reasons for missing data. Third, there is a
possibility that the prediction model was overfitted or underfitted. The use of large number of
predictors also can contribute to overfitting. To minimize this issue, we rigorously searched

hyperparameters and carefully chose hyperparameters according to the performance in
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independent validation cohorts. Fourth, we selected our study population using trauma center
transport criteria for EMS providers in Korea. Although those criteria are based on the field
triage decision scheme which is the most widely used prehospital trauma triage protocol,®
extrapolation to another EMS setting or general trauma patients would be limited. Fifth,
Abbreviated Injury Scale (AIS) codes were not used to identify our study outcome because of
a lack of information. To compensate for this limitation, we further identified TBI-I, TBI-
ND, and TBI-D patients to consider severity. However, different definitions of clinical
severity, including ICU admission or emergency operation, might be possible. Lastly, this
study was performed in an intermediate-service-level EMS system. The generalization of our
study findings to different EMS settings should be made with caution.

In conclusion, we presented data on TBI among patients with severe trauma assessed
by EMS providers, and our results inform the development of prediction models for the
diagnosis and prognosis of TBI in our population. We used various information that can be
obtained in prehospital settings and showed acceptable outcome performance. The consistent
importance of consciousness-status-related variables emphasizes the importance of
assessment and monitoring of consciousness status in prehospital areas. Although
prospective, and implementation studies are needed for TBI prediction in prehospital areas,
our study outlined a novel method for the precise assessment of EMS providers using a
machine-learning-based prediction model. Further collection of various types of patient-
related data would contribute to the enhanced performance of the clinical prediction model in

prehospital settings.
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Figure legends

Figure 1. Population flow. EMS, emergency medical service; OHCA, out-of-hospital cardiac

arrest; TBI, traumatic brain injury.
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1

2

3

g 597  Table 1. Key characteristics of the development and test cohorts.

j n (%) or Median (IQR)

8 Development Test

9 Total cohort cohort P
10 Total N=1169 n =867 n =302

1 ; Demographics

13 Age, years 53 (36-66) 52 (35-66) 56 (40-69) <0.01
14 Male 809 (69.2) 592 (68.3) 217 (71.9) 0.25
" Job, unemployed 299 (25.6) 197 (22.7) 102 (33.8) <0.01
17 Diabetes 62 (5.3) 35 (4.0) 27 (8.9) <0.01
12 Hypertension 105 (9.0) 61 (7.0) 44 (14.6) <0.01
20 Circumstances of trauma

21 Location, road/highway 444 (38.0) 326 (37.6) 118 (39.1) 0.65
;g Season, summer 336 (28.7) 253 (29.2) 83 (27.5) 0.57
24 Weekday, weekend 811 (69.4) 599 (69.1) 212 (70.2) 0.72
25 Time, 6 p.m. to midnight 361 (30.9) 265 (30.6) 96 (31.8) 0.69
20 Mechanism of injury, TA 500 (42.8) 375 (43.3) 125 (41.4) 0.57
28 Chief complaint

29 Fracture/abrasion/laceration 302 (25.8) 204 (23.5) 98 (32.5) <0.01
;? EMS vital sign assessment

32 SBP, mmHg 130 (109-150) 130 (104-146) 131 (115-150)  <0.01
gj DBP, mmHg 80 (70-91) 80 (69-90) 80 (70-92) 0.21
35 RR, /min 18 (16-20) 18 (16-20) 18 (16-20) 0.33
36 HR, /min 86 (75-99) 86 (74-99) 86 (76-100) 0.40
i SpO2, % 98 (95-99) 98 (95-99) 98 (96-99) 0.67
39 AVPU scale, Alert 714 (61.1) 504 (58.1) 210 (69.5) <0.01
40 EMS management

2; Intravenous route 176 (15.1) 129 (14.9) 47 (15.6) 0.77
43 Hemorrhage control 586 (50.1) 426 (49.1) 160 (53.0) 0.25
2‘5‘ Spinal motion restriction 811 (69.4) 606 (69.9) 205 (67.9) 0.51
46 Oxygen supply 233 (19.9) 176 (20.3) 57 (18.9) 0.59
47 In-hospital mortality 90 (7.7) 74 (8.5) 16 (5.3) 0.07
22 Outcomes

50 TBI 281 (24.0) 215 (24.8) 66 (21.9) 0.30
g; TBI with intracranial injury 251 (21.5) 195 (22.5) 56 (18.5) 0.15
53 TBI-related non-discharge 249 (21.3) 192 (22.1) 57 (18.9) 0.23
54 TBI-related death 43 (3.7) 32 (3.7) 11 (3.6) 0.95

55 598 IQR, interquartile range; TA, traffic accident; SBP, systolic blood pressure; DBP, diastolic
57 599  blood pressure; RR, respiratory rate; AVPU, mental status in alert, verbal, pain, and

5o 600  unresponsive scale; ED, emergency department; TBI, traumatic brain injury.
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Table 2. Discrimination and reclassification of prediction models for outcomes on test

cohort.
Outcome Model AUROC (95% CI) p? NRI (95% CI) p° AUPRC
TBI
LR 0.770 (0.698, 0.841) NA NA NA 0.492
XGB 0.809(0.743,0.876)  0.04 0.689 (0.427,0.951) <0.01 0.552
SVM  0.776 (0.708, 0.844)  0.77 0.339 (0.072, 0.607) 0.01 0.479
RF 0.800 (0.735,0.865)  0.13 0.308 (0.047, 0.569) 0.02 0.532
EN 0.799 (0.732,0.867)  0.06 0.698 (0.441,0.954) <0.01 0.564
TBI-I
LR 0.820 (0.751,0.890) NA NA NA 0.551
XGB 0.838(0.775,0.901) 0.28 0.539(0.258,0.821) <0.01 0.554
SVM  0.812(0.748,0.875)  0.66 0.729 (0.464,0.994) <0.01 0.469
RF 0.836 (0.772,0.899)  0.38 0.333 (0.058, 0.607) 0.02 0.552
EN 0.844 (0.779,0.910)  0.15 1.093 (0.845,1.342) <0.01  0.606
TBI-ND
LR 0.767 (0.690, 0.844) NA NA NA 0.482
XGB 0.800(0.727,0.873)  0.07 0.605 (0.326,0.884) <0.01 0.496
SVM  0.778 (0.704,0.852)  0.56 0.285 (-0.001, 0.572)  0.05 0.477
RF 0.809 (0.739, 0.880)  0.03 0.194 (-0.059,0.448)  0.13 0.535
EN 0.811(0.741,0.882)  0.02 0.768 (0.496, 1.039) <0.01  0.551
TBI-D
LR 0.664 (0.490, 0.838) NA NA NA 0.138
XGB 0.714(0.512,0.917) 0.64  -0.026 (-0.605,0.553)  0.93 0.094
SVM  0.814(0.718,0.910)  0.09 0.209 (-0.325,0.742)  0.44 0.140
RF 0.889 (0.801,0.976) <0.01 -0.204 (-0.742,0.334) 0.46 0.196
EN 0.871 (0.764, 0.978)  0.01 0.119 (-0.415,0.654)  0.66 0.293

aComparing the AUROC and the logistic regression model.

bComparing the NRI and the logistic regression model.

AUROC, area under the receiver operating characteristic curve; CI, confidence interval;

NRI, net reclassification index; AUPRC, area under precision-recall curve; TBI,

traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-ND;

traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with death;

LR, logistic regression analysis; XGB, extreme gradient boosting; SVM, support vector

machine; RF, random forest; EN, elastic net
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Table 3. Test characteristics of prediction models for outcomes on test cohort.

Outcome Model

Specificity (95% CI)  Sensitivity (95% CI)

PPV (95% CI)

NPV (95% CI)

Cutoff

TBI
LR
XGB
SVM
RF
EN

47.5 (40.9, 54.0)
72.5 (6.3, 78.1)
64.8 (58.4, 70.9)
68.2 (61.9, 74.1)
61.0 (54.5, 67.3)

80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)

29.9 (23.3,37.3)
44.9 (35.7, 54.3)
39.0 (30.7, 47.7)
41.4 (32.8,50.4)
36.6 (28.7, 44.9)

89.6 (82.9, 94.3)
92.9 (88.2, 96.2)
92.2 (87.0, 95.8)
92.5 (87.6, 96.0)
91.7 (86.3, 95.5)

0.136
0.268
0.191
0.185
0.205

TBI-I
LR
XGB
SVM
RF
EN

71.1 (65.0, 76.7)
74.0 (68.0, 79.4)
71.1 (65.0, 76.7)
76.0 (70.2, 81.2)
81.3 (75.9, 86.0)

80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)

38.8 (29.9, 48.3)
413 (31.9, 51.1)
38.8 (29.9, 48.3)
43.3 (33.6,53.3)
49.5 (38.8, 60.1)

94.1 (89.7, 97.0)
94.3 (90.0, 97.1)
94.1 (89.7, 97.0)
94.4 (90.3, 97.2)
94.8 (90.9, 97.4)

0.164
0.143
0.172
0.205
0.204

TBI-ND
LR
XGB
SVM
RF
EN

46.1 (39.8, 52.6)
66.5 (60.2, 72.4)
59.2 (52.7, 65.4)
60.4 (54.0, 66.6)
74.3 (68.3, 79.6)

80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)

25.8 (19.6, 32.9)
35.9 (27.7, 44.9)
31.5(24.1,39.7)
32.2 (24.6, 40.5)
42.2 (32.8, 52.0)

91.1 (84.7, 95.5)
93.7 (89.0, 96.8)
92.9 (87.7, 96.4)
93.1 (88.0, 96.5)
94.3 (90.0, 97.1)

0.090
0.242
0.147
0.138
0.201

TBI-D
LR
XGB
SVM
RF
EN

42.6 (36.9, 48.5)
57.7(51.8, 63.5)
74.2 (68.8, 79.2)
74.9 (69.5, 79.8)
79.0 (73.9, 83.6)

81.8 (48.2,97.7)
81.8(48.2,97.7)
81.8 (48.2,97.7)
81.8 (48.2,97.7)
81.8 (48.2,97.7)

5.1(24,9.5)
6.8 (3.2,12.5)
10.7 (5.0, 19.4)
11.0 (5.1, 19.8)
12.9 (6.1, 23.0)

98.4 (94.4, 99.8)
98.8 (95.8, 99.9)
99.1 (96.7, 99.9)
99.1 (96.8, 99.9)
99.1 (96.9, 99.9)

0.005
0.002
0.039
0.005
0.033

TBI, traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-

ND; traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with

death; LR, logistic regression analysis; XGB, extreme gradient boosting; SVM, support

vector machine; RF, random forest; EN, elastic net.
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Table 4. Top 5 important variables for outcomes in descending order using model

specific metrics

Outcome  Rank LR XGB RF EN
TBI
| Loss of Loss of Loss of Loss of
consciousness consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 GCS, Motor, 1
3 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 2
4 Light reflex Other mechanism Light reflex GCS, Eye, 1
5 GCS, Motor, 1 GCS, Verbal, 2 GCS, Motor, 1 GCS, Verbal, 1
TBI-I
1 Loss (?f Loss qf Loss Qf GCS, Eye, 1
consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 Loss of
consciousness
3  GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 1
4 Light reflex GCS, Verbal, 2 Light reflex GCS, Verbal, 1
5 GCS, Motor, 1 Other mechanism GCS, Motor, 1 Light reflex
TBI-ND
| Loss of Loss of Loss of Loss of
consciousness consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1
3 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 1
4 Light reflex GCS, Verbal, 2 GCS, Verbal, 2 GCS, Verbal, 1
5 GCS, Motor, 1 GCS, Motor, 1 GCS, Motor, 4 Light reflex
TBI-D
j Lossof GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 2

4
5

consciousness

GCS, Verbal, 1
GCS, Eye, 1

Light reflex
GCS, Motor, 1

Oxygen
saturation<96%

Fall mechanism
Afternoon

Light reflex

Light reflex

Loss of
consciousness

GCS, Eye, 1
GCS, Motor, 1

GCS, Verbal, 1

Loss of
consciousness

Age over 80
HR 87-99

TBI, traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-

ND; traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with

death; LR, logistic regression; XGB, extreme gradient boosting; RF, random forest; EN,

elastic net; GCS, Glasgow coma scale; HR, heart rate.

33

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

Page 34 of 48



Page 35 of 48

oNOYTULT D WN =

BMJ Open

Total EMS users (2014-2018)
N=157,314

2

Adult and adolescent patients
N=137,765

2

Patients without OHCA
N=135,492

A\ 4

A 2

Severe Trauma
N=1,169

v

v

v

Age < 15 years old, N=19,369

OHCA, N=2,273

Main cause of EMS call

- Medical, N=102,988

- Non-traumatic injury: 3,194
- Non-severe trauma: 28,141

Development cohort
N=867

Test cohort

N=302

v

¥

Outcomes Outcomes
- TBI: N=215 - TBI: N=66

- TBI with Intracranial injury: N=195 - TBI with Intracranial injury: N=56
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Supplementary Table 1. List of analyzed variables.

Variables Descriptions Type of raw data Category Preprocessing

Gender Sex of the patients Binary Male, Female

Age Age of patients Continuous 15-39 years, 40-59 years, 60-79 years, and | Discretization and one hot encoding
80- years

Job Job of patients Categorical Unemployed, Student/Housewife; | One hot encoding
Office/Commercial/Service workers; | Missing data were classified into others
Industrial/Agricultural/Fishery/Miner
worker; Others

Diabetes History of diabetes mellitus Binary Yes, No Missing data were classified into no

Hypertension History of hypertension Binary Yes, No Missing data were classified into no

Location of injury Location of injury Categorical home/residential area/medical | One hot encoding
facility/school/gym; Missing data were classified into others
Road/highway;
Off-road traffic area;
Others

Season Season when injury occurred | Categorical Spring, Summer, Fall, Winter One hot encoding

Weekend Whether Injury occurred on | Binary Weekday, Weekend

weekday or weekend

Daytime When injury was occurred Categorical Night (Midnight to 5AM), Morning (6AM | One hot encoding
to 11AM), Afternoon (Midday to 5PM), | Missing time were imputed using EMS
Evening (6PM to 11PM) call time

Mechanism of injury | Mechanism of injury Categorical Slip down, Fall down, Traffic accident, | One hot encoding
Other Missing data were classified into others

Glasgow coma scale | Eye element of Glasgow coma | Categorical 1;2;3;4;Unknown One hot encoding

eye scale

Glasgow coma scale | Verbal element of Glasgow | Categorical 1;2;3;4;5;Unknown One hot encoding

Verbal coma scale

Glasgow coma scale | Motor element of Glasgow | Categorical 1;2;3;4;5;6;Unknown One hot encoding

Motor coma scale

Light Reflex any | Any abnormality of light | Categorical No, Yes, Unknown One hot encoding

Abnormal

reflex on any side

Missing data were classified into
unknown
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Systolic blood | Systolic blood pressure Continuous -107 mmHg, 108-130 mmHg, 131-145 | Discretization and one hot encoding
pressure mmHg, 146- mmHg, Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Diastolic blood | Diastolic blood pressure Continuous -69 mmHg, 70-80 mmHg, 81-91 mmHg, | Discretization and one hot encoding
pressure 92- mmHg, Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Heart rate Heart rate Continuous -74/min, 75-86/min, 87-99/min, 100-/min, | Discretization and one hot encoding
Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Respiratory rate Respiratory rate Continuous -16/min, 17-18/min, 19-20/min, 21-/min, | Discretization and one hot encoding
Unknown Cutoff values for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Oxygen saturation Oxygen saturation Continuous -95%, 96-98%, 99%, 100%, Unknown Discretization and one hot encoding
Cutoff values for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Body temperature Body temperature Continuous -36°C, 36.1-36.3°C, 36.4-36.8°C, 36.9-°C, | Discretization and one hot encoding
Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Chest pain or | Symptom of chest pain or | Binary Yes, No

abdominal pain

abdominal pain
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Fracture, abrasion, or | Symptom of fracture, | Binary Yes, No
laceration abrasion, or laceration
Loss of | Symptom  of loss  of | Binary Yes, No
consciousness consciousness (whether

patients  had loss  of

consciousness between injury

and EMS provider’s

assessment)
Dyspnea Symptom of dyspnea Binary Yes, No
Nose bleeding Symptom of nose bleeding Binary Yes, No
Nausea or vomiting | Symptom of nausea or | Binary Yes, No

vomiting
Headache, paralysis | Symptom  of  headache, | Binary Yes, No

or dizziness

paralysis or dizziness

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

Page 38 of 48



Page 39 of 48

oNOYTULT D WN =

BMJ Open

Supplementary Table 2. Demographic characteristics of development and test cohorts

N (%) or Median (IQR)

Characteristics Total Development Test P-value
Total 1169 867 302
Demographics
Male 809 (69.2) 592 (68.3) 217 (71.9) 0.25
Age, years 53 (36-66) 52 (35-66) 56 (40-69) <0.01
Job of patients <0.01
Unemployed 299 (25.6) 197 (22.7) 102 (33.8)
Student/Housewife 161 (13.8) 129 (14.9) 32 (10.6)
Office/Commercial/Service worker 283 (24.2) 176 (20.3) 107 (35.4)
Industrial/Agricultural/Fishery/Minery
worker 36 (3.1) 25 (2.9) 11 (3.6)
Others 390 (33.4) 340 (39.2) 50 (16.6)
Past medical history
Diabetes 62 (5.3) 35 (4.0) 27 (8.9) <0.01
Hypertension 105 (9.0) 61 (7.0) 44 (14.6) <0.01
Circumstances of Trauma
Location of trauma 0.52
Residential/Nursing/Education/Exercise
facility 303 (25.9) 218 (25.1) 85 (28.1)
Road/Highway 444 (38.0) 326 (37.6) 118 (39.1)
Off-road traffic area 181 (15.5) 140 (16.1) 41 (13.6)
Others 241 (20.6) 183 (21.1) 58 (19.2)
Season of trauma <0.01
Spring 249 (21.3) 167 (19.3) 82 (27.2)
Summer 336 (28.7) 253 (29.2) 83 (27.5)
Fall 304 (26.0) 242 (27.9) 62 (20.5)
Winter 280 (24.0) 205 (23.6) 75 (24.8)
Weekday 811 (69.4) 599 (69.1) 212 (70.2) 0.72
Time of trauma 0.83
6A-MD 281 (24.0) 206 (23.8) 75 (24.8)
MD-6P 266 (22.8) 203 (23.4) 63 (20.9)
6P-MN 361 (30.9) 265 (30.6) 96 (31.8)
MN-6A 261 (22.3) 193 (22.3) 68 (22.5)
Mechanism of Trauma 0.60
Traffic accident 500 (42.8) 375 (43.3) 125 (41.4)
Slip down 325 (27.8) 232 (26.8) 93 (30.8)
Fall down 171 (14.6) 129 (14.9) 42 (13.9)
Others 173 (14.8) 131 (15.1) 42 (13.9)
Chief complaint
Altered mentality 279 (23.9) 223 (25.7) 56 (18.5) 0.01
Facture/Abrasion/Laceration 302 (25.8) 204 (23.5) 98 (32.5) <0.01
Chest/Abdominal pain 47 (4.0) 31 (3.6) 16 (5.3) 0.19
Dyspnea 25 (2.1) 20 (2.3) 5(.7) 0.50
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Epistaxis
Headache/Paralysis/Dizziness/Vertigo
Nausea/VVomiting

EMS Vital sign assessment

SBP, mmHg
Missing
DBP, mmHg
Missing
HR, /min
Missing
RR, /min
Missing
Sp02, %
Missing
Temperature, °C
Missing
AVPU scale
Alert
Verbal
Pain
Unresponsive
Abnormal light reflex
Missing
GCS scale component
Glasgow coma scale eye
4
3
2
1
Unknown
Glasgow coma scale Verbal
5

= N W B

Unknown
Glasgow coma scale Motor
6

= N W b~ O

Unknown
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44 (3.8)
95 (8.1)
32 (2.7)

130 (109-
150)

65 (5.6)
80 (70-91)
75 (6.4)
86 (75-99)
31 (2.7)
18 (16-20)
36 (3.1)
98 (95-99)

38 (3.3)
36.5 (36-
36.8)

94 (8.0)

714 (61.1)
168 (14.4)
199 (17.0)
88 (7.5)
165 (14.1)
66 (5.6)

558 (47.7)
128 (10.9)
110 (9.4)
174 (14.9)
199 (17.0)

520 (44.5)
118 (10.1)
25 (2.1)
132 (11.3)
174 (14.9)
200 (17.1)

499 (42.7)
124 (10.6)
158 (13.5)
47 (4.0)
17 (1.5)
125 (10.7)
199 (17.0)

30 (3.5)
64 (7.4)
20 (2.3)

130 (104-146)
56 (6.5)
80 (69-90)
65 (7.5)
86 (74-99)
28 (3.2)

18 (16-20)
33 (3.8)
98 (95-99)
33(3.8)

36.5 (36-36.8)
65 (7.5)

504 (58.1)
136 (15.7)
158 (18.2)
69 (8.0)
132 (15.2)
57 (6.6)

380 (43.8)
109 (12.6)
82 (9.5)
141 (16.3)
155 (17.9)

359 (41.4)
88 (10.1)
19 (2.2)
105 (12.1)
141 (16.3)
155 (17.9)

333 (38.4)
103 (11.9)
123 (14.2)
39 (4.5)
15 (1.7)
99 (11.4)
155 (17.9)

14 (4.6)
31 (10.3)
12 (4.0)

131 (115-
150)

9(3.0)
80 (70-92)
10 (3.3)
86 (76-100)
3(1.0)
18 (16-20)
3(1.0)
98 (96-99)

5(1.7)
36.5 (36-
36.7)

29 (9.6)

210 (69.5)
32 (10.6)
41 (13.6)
19 (6.3)
33 (10.9)

9(3.0)

178 (58.9)
19 (6.3)
28 (9.3)
33 (10.9)
44 (14.6)

161 (53.3)
30 (9.9)
6(2.0)
27 (8.9)

33(10.9)

45 (14.9)

166 (55.0)
21 (7.0)
35 (11.6)

8 (2.6)

2 (0.7)
26 (8.6)
44 (14.6)
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1

2

3

4

5 EMS management

6 Intravenous route 176 (15.1) 129 (14.9) 47 (15.6) 0.77
7 Hemorrhage control 586 (50.1) 426 (49.1) 160 (53.0) 0.25
8 Spinal motion restriction 811 (69.4) 606 (69.9) 205 (67.9) 0.51
?O Advanced airway management 4(0.3) 2(0.2) 2 (0.7) 0.28
11 Oxygen supply 233 (19.9) 176 (20.3) 57 (18.9) 0.59
12 Field triage decision scheme criteria*

13 Physiological criteria

14 SBP<90 mmHg 58 (5.0) 42 (4.8) 16 (5.3) 0.75
: 2 RR<10 or >29 /min 11 (0.9) 11 (1.3) 0(0.0) 0.08
17 Non-Alert 429 (36.7) 343 (39.6) 86 (28.5) <0.01
18 Anatomic criteria

19 All penetrating injuries to head, neck,

20 torso and extremities proximal to elbow

2 or knee 34 (2.9) 23 (2.7) 11 (3.6) 0.38
22 Chest wall instability or deformity 4(0.3) 4 (0.5) 0(0.0) 0.58
23 Two or more proximal long bone

24 fractures 19 (1.6) 13 (1.5) 6 (2.0) 0.60
25 Crush, degloved, mangled or

26 pulseless extremity 15 (1.3) 13 (1.5) 2(0.7) 0.38
27 Amputation proximal to wrist or ankle 9(0.8) 9 (1.0) 0(0.0) 0.12
;g Pelvic fractures 8(0.7) 6(0.7) 2(0.7) >0.95
30 Open or depressed skull fracture 17 (1.5) 9 (1.0) 8 (2.6) 0.05
31 Paralysis 21 (1.8) 11 (1.3) 10 (3.3) 0.02
32 Mechanism of injury criteria

33

34 Fall > 6 meter 113 (9.7) 84 (9.7) 29 (9.6) >0.95
35 High-risk auto crash 96 (8.2) 73 (8.4) 23 (7.6) 0.66
36 Auto vs pedestrian/bicyclist thrown,

37 run over, or with significant (>30km/h)

38 impact 119 (10.2) 83 (9.6) 36 (11.9) 0.25
23 Motorcycle crash > 30 km/hour 105 (9.0) 70 (8.1) 35 (11.6) 0.07
41 ED disposition 0.11
jé Discharge 320 (27.4) 241 (27.8) 79 (26.2)

44 Transfer 444 (38.0) 316 (36.4) 128 (42.4)

45 Admitted 366 (31.3) 276 (31.8) 90 (29.8)

46 . .

47 In-hospital mortality 90 (7.7) 74 (8.5) 16 (5.3) 0.07
48 Outcomes

4

53 TBI 281 (24.0) 215 (24.8) 66 (21.9) 0.30
51 TBI with intracranial injury 251 (21.5) 195 (22.5) 56 (18.5) 0.15
gg TBI-related non-discharge 249 (21.3) 192 (22.1) 57 (18.9) 0.23
54 TBI-related death 43 (3.7) 32 (3.7) 11 (3.6) >0.95
55 *EMS providers check specific criteria orderly from physiologic, anatomical, and mechanism of injury. If the
56

57 preceding criteria are satisfied, the information of the latter criteria is not collected.

58

59

60
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IQR, interquartile range; SBP, systolic blood pressure; RR, respiratory rate; ED, emergency department; TBI,

traumatic brain injury.
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1

2

3

g Supplementary Table 3. Hyperparameters of the final prediction models*

6 Model Outcome  Hyperparameters

; Elastic net TBI alpha: 0.325, lambda: 0.07506346

9 TBI-I alpha: 0.325, lambda; 0.07506346

10 TBI-ND  alpha: 0.325, lambda: 0.07017153

11

12 TBI-D alpha: 0.325, lambda: 0.01565599

13 Random forest TBI ntree:500, mtry: 18

14

15 TBI-I ntree:500, mtry: 18

16 TBI-ND  ntree:500, mtry: 18

1; TBI-D ntree:500, mtry: 15

19 Support vector machine TBI sigma: 0.008047; C: 4

;‘1) TBI-I sigma: 0.008047; C: 4

22 TBI-ND  sigma: 0.008047; C: 4

;i TBI-D  sigma: 0.008047; C: 4

25 nrounds: 299; max_depth: 1; eta: 0.4807096; gamma: 2.336623;
26 Extreme gradient boosting TBI colsample_bytree: 0.3657893; min_child_weight: 8; subsample:
27

28 0.8182623

29 nrounds: 299; max_depth: 1; eta: 0.4807096; gamma: 2.336623;
2(1) TBI-I colsample_bytree: 0.3657893; min_child_weight: 8; subsample:
32 0.8182623

2431 nrounds: 301; max_depth: 1; eta: 0.02154674; gamma: 4.696105;
35 TBI-ND  colsample_bytree: 0.590754; min_child_weight: 1; subsample:
g? 0.5070866

38 nrounds: 50; max_depth: 0.3; eta: 0.3; gamma: 0;

39 TBI-D colsample_bytree: 0.8; min_child_weight: 1; subsample:

40

41 0.5510204

42 * Aside from the hyperparameters mentioned, all other hyperparameters are used as the default value.

ji TBI, traumatic brain injury; TBI-I, TBI with intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-
45 D, TBI with death.

46

47

48

49

50

51

52

53

54

55

56

57

58

59
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Supplementary Figure 1. Receiver operating characteristics of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I,

BMJ Open

TBI with intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death.
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1
2
i Supplementary Figure 2. Precision-recall curve of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I, TBI with
5 intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death; LR, logistic regression analysis; XGB, extreme gradient
6
7 boosting; RF, random forest, EN, elastic net.
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Supplementary Figure 3. Calibration plot of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I, TBI with

intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death; p, p-value of Hosmer-Lemeshow test; BS, scaled

Brier score.
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Supplementary Table 4. Example of calculating false-positive patients for accurately identified patients. TBI, traumatic brain injury; EN,

elastic net.

BMJ Open

Severe trauma Patients

Using demographic
information and test

N=1,169 characteristics of EN model
on TBI prediction
v Prevalance(24.0%)
TBI Not TBI
N=281 N=888
Sensitivity(80.3%) Specificity(61.0%)
TBI predicted TBInot predicted TBI predicted TBInot predicted
N=226 N=55 N=346 N=542
Accurately identified as TBI False positive patients

False-positive patients for every 10 patients that are accuratelyidentified as TBI :
346/226x 10 = 15.3, rounded up to 16 patients
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TRIPOD Checklist: Prediction Model Development and Validation

BMJ Open

1
2 Section/Topic Item Checklist Item
3 Title and abstract
) . Identify the study as developing and/or validating a multivariable prediction model, the
4 Title 1 DV - ;
target population, and the outcome to be predicted.
5 . Provide a summary of objectives, study design, setting, participants, sample size,
Abstract 2 DV . o ; :
predictors, outcome, statistical analysis, results, and conclusions.
6 Introducti
ntroduction
/ Explain the medical context (including whether diagnostic or prognostic) and rationale
8 3a D;V | for developing or validating the multivariable prediction model, including references to
9 Backgrpuqd existing models.
10 and objectives 3p DV Specify the objectives, including whether the study describes the development or
1 ’ validation of the model or both.
Methods
12 4a DV Describe the study design or source of data (e.g., randomized trial, cohort, or registry
13 Source of data ’ data), separately for the development and validation data sets, if applicable.
. Specify the key study dates, including start of accrual; end of accrual; and, if applicable,
14 b D:V end of follow-up
15 5a DV Specify key elements of the study setting (e.g., primary care, secondary care, general
16 Particioants ’ population) including number and location of centres.
17 P 5b D;V Describe eligibility criteria for participants.
18 5c D;V | Give details of treatments received, if relevant.
19 6a DV Clearly define the outcome that is predicted by the prediction model, including how and
Outcome ’ when assessed.
20 6b D;V Report any actions to blind assessment of the outcome to be predicted.
21 7a DV Clearly define all predictors used in developing or validating the multivariable prediction
22 Predictors ’ model, including how and when they were measured.
7b DV Report any actions to blind assessment of predictors for the outcome and other
23 ’ predictors.
24 Sample size 8 D;V Explain how the study size was arrived at.
25 Missing data 9 DV Describe how missing data were handled (e.g., complete-case analysis, single
26 ’ imputation, multiple imputation) with details of any imputation method.
10a D Describe how predictors were handled in the analyses.
27 10b D Specify type of model, all model-building procedures (including any predictor selection),
28 Statistical and method for internal validation.
analysis 10c For validation, describe how the predictions were calculated.
29 :
30 methods 10d DV Specify all measures used to assess model performance and, if relevant, to compare
’ multiple models.
31 10e \ Describe any model updating (e.g., recalibration) arising from the validation, if done.
32 Risk groups 11 D;vV Provide details on how risk groups were created, if done.
33 Development 12 v For validation, identify any differences from the development data in setting, eligibility
34 vs. validation criteria, outcome, and predictors.
Results
35 Describe the flow of participants through the study, including the number of participants
36 13a D;V | with and without the outcome and, if applicable, a summary of the follow-up time. A
37 diagram may be helpful.
38 Participants Describe the characteristics of the participants (basic demographics, clinical features,
P 13b D;v available predictors), including the number of participants with missing data for
39 predictors and outcome.
40 13c v For validation, show a comparison with the development data of the distribution of
41 important variables (demographics, predictors and outcome).
Model 14a D Specify the number of participants and outcome events in each analysis.
42 development 14b D If done, report the unadjusted association between each candidate predictor and
43 outcome.
44 Model 15a D Present the full prediction model to allow predictions for individuals (i.e., all regression
L coefficients, and model intercept or baseline survival at a given time point).
45 specification
46 15b D Explain how to the use the prediction model.
47 ;’;Aeor(fj:rlmance 16 D;v Report performance measures (with Cls) for the prediction model.
48 Model-updating 17 v If done, report the results from any model updating (i.e., model specification, model
performance).
49 = :
Discussion
50 Limitations 18 DV Discuss any limitations of the study (such as nonrepresentative sample, few events per
51 ’ predictor, missing data).
For validation, discuss the results with reference to performance in the development
52
19a \% S
53 Interoretation data, and any other validation data.
P . Give an overall interpretation of the results, considering objectives, limitations, results
19b D;V
54 ’ from similar studies, and other relevant evidence.
55 Implications 20 D;V | Discuss the potential clinical use of the model and implications for future research.
Other information
56
7 Supplementary 21 DV Provide information about the availability of supplementary resources, such as study
5 information ’ protocol, Web calculator, and data sets.
58 Funding 22 D;V | Give the source of funding and the role of the funders for the present study.
59
60

*Items relevant only to the development of a prediction model are denoted by D, items relating solely to a validation of a prediction model are
denoted by V, and items relating to both are denoted D;V. We recommend using the TRIPOD Checklist in conjunction with the TRIPOD
Explanation and Elaboration document.
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Abstract

Objectives: Predicting diagnosis and prognosis of traumatic brain injury (TBI) at the
prehospital stage is challenging; however, using comprehensive prehospital information and
machine learning may improve the performance of the predictive model. We developed and
tested predictive models for TBI that use machine learning algorithms using information that
can be obtained in the prehospital stage.

Design: This was a multi-center retrospective study.

Setting and participants: This study was conducted at three tertiary academic emergency
departments (EDs) located in an urban area of South Korea. The data from adult patients with
severe trauma who were assessed by emergency medical service (EMS) providers and
transported to three participating hospitals between 2014 to 2018 were analyzed.

Results: We developed and tested five machine learning algorithms—Ilogistic regression
analyses, extreme gradient boosting, support vector machine, random forest, and elastic net
(EN)—to predict TBI, TBI with intracranial hemorrhage or injury (TBI-I), TBI with
emergency department or admission result of admission or transferred (TBI-ND), and TBI
with emergency department or admission result of death (TBI-D). A total of 1,169 patients
were included in the final analysis, and the proportions of TBI, TBI-I, TBI-ND, and TBI-D
were 24.0%, 21.5%, 21.3%, and 3.7%, respectively. The EN model yielded an AUROC of
0.799 for TBI, 0.844 for TBI-I, 0.811 for TBI-ND, and 0.871 for TBI-D. The EN model also
yielded the highest specificity, and significant reclassification improvement. Variables related
to loss of consciousness, Glasgow Coma Scale, and light reflex were the three most important
variables to predict all outcomes.

Conclusion: Our results inform the diagnosis and prognosis of TBI. Machine learning

models resulted in significant performance improvement over that with logistic regression

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



oNOYTULT D WN =

83

84

&5

86

87

BMJ Open

analyses, and the best performing model was EN.

Keywords: brain injuries; traumatic; outcome; prognosis; machine learning.
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Strengths and limitations of this study

e This study presented prehospital factors that could predict traumatic brain injury in trauma
patients chosen by model-specific metrics.

e We treated the missing variables as a different category, reflecting prehospital field
uncertainties and increasing data utilization.

e The retrospective observational study design could lead to certain types of bias (eg,
selection bias, confounding bias).

e External validation for other areas should be conducted to generalize the developed

prediction model.
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Introduction

Traumatic brain injury (TBI) is a significant health burden worldwide.! It is the leading cause
of mortality and disability among young individuals.? Patients with TBI are vulnerable to
hypoxia and hypotension in the early period of their course and these insults are associated
with poor outcomes.? # Prehospital assessment and management of patients with TBI is
important,’ as early prediction of TBI and correcting hypoxia and hypotension during the
prehospital stage could be beneficial.? However, the identification of TBI can often be
challenging in the prehospital area.> Vulnerable patients, including the elderly or patients who
take medications like anti-platelet or anticoagulant drugs, often have TBI owing to low
energy insults.® Prehospital clinical signs are also reported to have poor sensitivity for raised
intracranial pressure following TBI.’

Several prediction models to target patients with TBI have been reported.’-!2
However, most incorporated information that is available only in the hospital, such as
laboratory results or image findings.® ° 13 In addition, most previous prediction models
focused on the outcomes of patients with TBI, 416 not the identification of TBI. Previously,
predictors of older adult patients with TBI who required transport to a trauma center were
identified. However, this was consensus-based; therefore, there is a lack of clinical data.!”
Accurate prehospital prediction of TBI and its severity could prevent delays to definite care
for patients with TBI. Most emergency medical service (EMS) providers collect various
information including demographics, past medical history, circumstances of the trauma, and
clinical signs including vital signs; but those variables have not been evaluated together as
predictors of TBI and its severity. Using a variety of prehospital information, and adapting
newly emerging machine learning algorithms for predicting diagnosis, disposition, and

outcome of TBI, might improve the accuracy of identification of TBI and its severity.
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The aim of this study was to develop and test prediction models for the diagnosis and
prognosis of TBI using prehospital information and machine learning algorithms among
patients with severe trauma. We hypothesized that incorporating prehospital information
could achieve acceptable performance in predicting TBI, and machine learning algorithms

could contribute to performance improvement.

Materials and Methods

Study design and settings

This was a multi-center retrospective study conducted at three tertiary academic emergency
departments (EDs) located in an urban area (Seoul and Bundang) of South Korea. These EDs
received 50,000-90,000 visits annually and are not designated trauma centers. We adhered to
the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or
Diagnosis (TRIPOD) statement on reporting predictive models.!®

The EMS system in South Korea is operated by the National Fire Agency. The EMS
level is considered intermediate, as EMS providers can perform bleeding control, spinal
motion restriction, immobilization and splintage, advanced airway management, and
administer fluid intravenously. As only physicians can declare death in South Korea, EMS
providers cannot stop resuscitation and must transport all patients including those in cardiac
arrest to the ED. For all EMS transport, EMS providers record an ambulance run-sheet by
law. Since 2012, the National Fire Agency adapted the United States Centers for Disease
Control and Prevention of the United States field triage decision scheme to evaluate patients
with trauma,'® and they developed an EMS severe trauma in-depth registry. For said patients,
EMS providers evaluate whether patients met trauma center transport criteria in the field

triage decision scheme. If they did, the in-depth registry should be recorded, and EMS
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transport protocol recommends that patients are transferred to a near regional trauma center;
but it is not mandatory.

The Ministry of Health and Welfare designated three ED levels according to the
resources and functional requirements; level 1 (n = 36) and level 2 (n = 118) EDs have more
resources and better facilities for emergency care and must be staffed by emergency
physicians 24 hours a day/365 days a year; whereas level 3 EDs (n = 248) can be staffed by
general physicians. In accordance with the EMS Act, all EDs participated annually in a
nationwide functional performance evaluation program, which was administered by the
Ministry of Health and Welfare. The three participating hospitals in this study were all level 1
EDs that can perform acute trauma care for patients with TBI 24 hours a day/365 days a
year—including emergency neurosurgical operation and angiographic interventions. The
Ministry of Health and Welfare also designated trauma centers in Korea. Total 16 trauma

centers were designated as trauma centers in 2018. Among them, 15 were Level I EDs.

Data source

We used an EMS ambulance run-sheet, EMS trauma in-depth registry, and ED administrative
database. The EMS database information, including ambulance run-sheet and trauma in-depth
registry, was collected electronically by EMS providers using tablets. The EMS record
review for each severe trauma has been performed by EMS medical directors of each fire
department since 2012. The ED administrative database contains patients’ demographic
characteristics, route of visit, time of visit, and diagnosis and disposition. We merged the
EMS database with the ED administrative database based on patients’ arrival time, age, and

SEX.
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Study population

We included adult (age > 15) EMS users who were transported to participating hospitals with
severe trauma from January 1, 2014 to December 31, 2018. Severe trauma was assessed by
EMS providers and defined as patients who fulfilled trauma center transport criteria
(physiologic criteria, anatomic criteria, mechanism of injury criteria, or special patients or
system consideration criteria) in the field triage decision scheme.?® Patients were excluded if
they had out-of-hospital cardiac arrest or their main cause of EMS call was medical or
nontraumatic injury including choking, drowning, fire, flame, heat, cold, poisoning, chemical,
sexual assault, weather, or natural disaster. Patients with an unknown outcome were also

excluded.

Outcome measure

The primary outcome measure was the diagnosis of TBI. TBI diagnosis was defined as
patients whose diagnostic code, according to the International Statistical Classification of
Diseases and Related Health Problems (ICD-10), was between S06.0 and S06.9.%! 22
Although S06.7 is codes for the duration of unconscious, we included S06.7 in our study
outcome according to the previous studies. >'-* However, no patients only have S06.7 code
for TBI diagnosis in our study. The ED administrative database has two types of primary
diagnostic codes: the final diagnostic codes at ED discharge and at hospital discharge. We
extracted up to 20 codes for each. We defined the diagnostic code as positive for TBI if a
confirmative diagnostic code was found in any level of the discharge record. Because ICD 10
code is not directly linked to the severity of TBI, we further included a variety of additional
outcome measures to perform analysis that take into account severity. A secondary outcome

measure was TBI diagnosis with intracranial hemorrhage or injury (TBI-I), defined as TBI
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patients excluding concussion (ICD 10 code with S06.0). A tertiary outcome was TBI with
non-discharge (TBI-ND), defined as TBI patients excluding ED discharged patients. Because
TBI-ND patients needed further management by hospitalization or transfer, we thought that
this group of patients had clinically significant severity. A quaternary outcome measure was
TBI with death (TBI-D), defined as TBI patients who died in ED or hospital. Because TBI-D

patients are most severe group, TBI-D patients were also included in TBI-ND.

Variables and preprocessing

We collected patients’ demographic data, circumstances of trauma, chief complaints, EMS
vital sign assessment, EMS management and hospital outcomes. The detailed descriptions of
each variable are described in Supplementary Table 1. Categorical variables were
preprocessed with the one-hot encoding (dummy variable encoding) method. Continuous
variables were divided into four quantiles and unknown or missing values were categorized
as a fifth category. One-hot encoding was also applied to discretized continuous variables.
Preprocessing measures including discretization results of continuous variables are presented

in Supplementary Table 1.

Model development

We developed prediction models for outcomes by using five machine learning algorithms:
traditional logistic regression analyses (LR), extreme gradient boost (XGB), random forest
(RF), support vector machine (SVM), and elastic net (EN). The LR algorithm was chosen as
baseline comparison algorithm because it is widely used in the medical field and has been
used for previous prediction model development in TBI studies.!> Backward stepwise LR was
selected for feature selection, and we used the default parameter of stepAIC function from

MASS package (version 7.3-53.1) in R for the selection. The other four algorithms were
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selected based on their ability to model nonlinear associations, their relative ease of
implementation, and their general acceptance in the machine learning community.?*2¢ All
algorithms have a method to calculate the probability of the outcome occurring and
algorithms other than LR need hyperparameter tuning for proper training and prediction.

The study population was split into training cohorts that included development,
validation, and test cohorts. The development cohort included a training cohort from which
each of the machine learning prediction models were derived and a validation cohort in which
the prediction models were applied to adjust the hyperparameters of the algorithm. The test
cohort was used for the final evaluation of the performance of the prediction models.
Chronological split was used for data split. Patients enrolled from January 1, 2014 to
December 31, 2016 were used as the training cohort; patients from January 1, 2017 to
December 31, 2017 were used as the validation cohort; and patients from January 1, 2018 to
December 31, 2018 were used as the test cohort. Hyperparameter tuning using validation data
was conducted by, first, a random search within 10,000 randomly generated hyperparameters;
then, grid search hyperparameters chosen around from random search with five candidates
per each hyperparameter. Finally, hyperparameter with best area under receiver-operation
curve (AUROC) in validation cohorts were selected. Test data were separated during training

and tuning processes and used to measure algorithm performance.

Statistical analysis

The demographic findings and outcomes of the study population were described in this study.
Additionally, the baseline characteristics of the training cohort and the validation cohort were
compared. The continuous variables were compared by using Student’s T-test or the
Wilcoxon rank sum test, and the categorical variables were compared by using the chi-

squared test or the Fisher exact test, as appropriate.
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We assessed discrimination performance by comparing the AUROC for each model
in the test cohort. We considered an AUROC of 0.5 as no discrimination, 0.7 to 0.8 as
acceptable, 0.8 to 0.9 as excellent, and more than 0.9 is considered outstanding.?” Area under
the precision-recall curve (AUPRC) was assessed for each model in the test cohort. We
assessed the calibration power by using the Hosmer—Lemeshow test, the scaled Brier score,
and a calibration plot in the test cohort. For the delineation of test characteristics, the
sensitivity, specificity, and positive and negative predictive values with 95% ClIs were
determined using a cutoff probability at a sensitivity of 80%. Given that poor sensitivity of
clinical predictors for TBI in previous studies,’ and almost 75% sensitivity level for other
severe disease prediction in prehospital settings,?® 2° we thought that 80% sensitivity was an
appropriate target for our prediction model. We calculated false positive rate as 1 —
specificity. The added prognostic power of each prediction model compared to the LR model
was also evaluated by continuous net reclassification index (NRI). NRI is a statistical method
to quantify how well a new model correctly reclassifies the study population with the other
models. Details of NRI are described elsewhere.3°

By using a model-specific metric, the variable importance of each model was
assessed, except for the SVM algorithm. The variable importance was determined by the
coefficient effect sizes for the LR model. The XGB and RF models were ranked by variable
importance on the selection frequency of the variable as a decision node. The absolute value
of the coefficients corresponding to the tuned model were used for the measurement of
variable importance in the EN algorithm. To compare the variable importance of each

prediction models efficiently, top 5 variables of each model was presented.
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All statistical analyses were performed with R Statistical Software (version 4.0.1; R
Foundation for Statistical Computing, Vienna, Austria). Packages included caret, e1071,

xgboost, randomForest, and glmnet for the analysis of the machine learning algorithms.

Patient and public involvement

This research was done without patient involvement. Patients were not invited to comment on
the study design and were not consulted to develop patient relevant outcomes or interpret the
results. Patients were not invited to contribute to the writing or editing of this document for

readability or accuracy.

Result

Demographic findings

Among the 157,134 EMS users transported to three hospitals from 2014 to 2018, 1,169
patients were included in the final analysis (Figure 1). Patients were split into 2 datasets: data
from 2014 to 2017, consisting of 867 patients (74.2%) in the development cohort; and the
remaining data from 2018 consisting of 302 patients (25.8%) in the test cohort (Figure 1).
Among the development cohort, data from 2014 to 2016—consisting of 661 patients—were
used as the training cohort, and 2017 data—consisting of 206 patients—were used as the
validation cohort in the model.

Table 1 shows key demographic findings of the development and test cohorts. Median
(IQR) age was 52 years (35—66) in the development cohort and 56 years (40—69) in the test
cohort. Traffic accident was most common mechanism of trauma (43.3% for the development

cohort and 41.4% for the test cohort). The proportion of patients with alert mental status was
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58.1% for the development cohort and 69.5% in the test cohort. Overall, TBI, TBI-I, TBI-
ND, TBI-D occurred in 215 (24.8%), 195 (22.5%), 192 (22.1%), and 32 (3.7%) in the
development cohort; and 66 (21.9%), 56 (18.5%), 57 (18.9%), and 11 (3.6%) in the test
cohort. All demographic characteristics of the development and test cohorts are described in

Supplementary Table 2.

Main analysis

The final hyperparameters of prediction models are described in Supplementary Table 3. The
discrimination and NRI of the prediction models on the test cohort are presented in Table 2.
The AUROC for outcomes were 0.770-0.806 for TBI, 0.820-0.844 for TBI-I, 0.767—-0.811
for TBI-ND, and 0.664—0.889 for TBI-D (Table 2 and Supplementary Figure 1). Compared to
LR, XGB performed significantly well in predicting TBI, and RF and EN performed well in
predicting TBI-ND and TBI-D. EN model generally performed well on all outcomes. The
AUROC of the EN model for outcomes were 0.799 (95% CI: 0.732-0.867), 0.844 (95% CI:
0.779-0.910), 0.811 (95% CI: 0.741-0.882), and 0.871 (95% CI: 0.764—0.978) for TBI, TBI-
I, TBI-ND, and TBI-D, respectively. Machine learning models generally resulted in
significant reclassification improvement compared to LR for TBI, TBI-I, and TBI-ND. For
prediction TBI-D, AUROC difference, and reclassification improvement compared to LR
was non-significant in all machine learning models. The precision-recall curve is shown in
Supplementary Figure 2. AUPRC were 0.479-0.564 for TBI, 0.469—0.606 for TBI-I, 0.477—
0.551 for TBI-ND and 0.094-0.140 for TBI-D. EN model showed highest AUPRC among all
prediction models. Supplementary Figure 3 shows the calibration plot of prediction models
according to outcomes. All prediction models generally showed poor calibration. Given the

high AUROC and AUPRC among prediction models, and reclassification improvement
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compared to LR, we determined EN as a best-performing prediction model in our analysis.

Using cutoff of 80% sensitivity, specificity was 47.5-68.2% for TBI, 71.1-81.3% for
TBI-I, 46.1-74.3% for TBI-ND, and 42.6-—.0 for TBI-D. EN showed the highest specificity
and PPV among all outcomes. False positive rate (1 — specificity) was almost 19.7-39.0%
according to outcomes in the EN model. The 95% CI of specificity of the EN model was not
overlapped with LR in TBI, TBI-ND, and TBI-D predictions. NPV was almost 89-99% for
all outcomes in the prediction models (Table 3).

Table 4 shows the top 5 variable importance of prediction models according to
outcomes. Variables related to patients’ symptom of loss of consciousness, Glasgow Coma
Scale component, and light reflex were the three most important variables to predict all
outcomes. Compared to other outcomes, the difference between variable importance for TBI-
D was prominent, and the mechanism of injury, heart rate, and age showed the highest

importance for predicting TBI-D.

Discussion

By using prehospital data from EMS users visiting three teaching hospitals, we developed
and validated prediction models for the diagnosis and prognosis of TBI using machine
learning algorithms among patients with severe trauma, identified by EMS providers in South
Korea. We found that 24% of patients were diagnosed with TBI, 22% showed intracranial
injury, 21% could not be discharged from the ED with a TBI diagnosis, and 4% showed TBI-
related death. Machine learning models showed acceptable-to-excellent discrimination
performance (AUROCSs were 0.799—0.871 according to outcomes in the best-performing EN
model). When identifying 80% of target patients with TBI, the false positive rate was almost

19.7-39.0%. Consciousness status related variables ranging from patients’ symptom to EMS
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providers’ assessment showed the highest importance for predicting all outcomes. This study
adds considerably to the understanding of prehospital prediction performance of TBI among
patients with severe trauma. Use of comprehensive prehospital information and certain
machine learning approaches led to increased performance with a diminished false positive
rate compared to those of the traditional statistical model.

Several studies reported that EMS providers’ assessment using prehospital
information is effective for the identification of patients with severe trauma who require
direct transport to a trauma center.3!-33 Because TBI accounts for a significant portion of
patients with severe trauma,’? and the majority of patients have poor access to trauma
centers,** identification of TBI among patients with severe trauma by EMS providers could
contribute to proper prehospital management and destination hospital decisions.> However,
prehospital identification of TBI is challenging.? Prehospital clinical signs showed poor
predictive performance for differentiating patients with TBI. 7, and previous prediction
models related to TBI mostly focused on TBI outcomes.®? 13 One study reported the
predictors for mild TBI with persistent symptoms; but a single-center case-control study
design and ED-based model development lacks applicability to prehospital settings.3¢ In this
study, we developed and tested TBI prediction models that used prehospital information, and
we found acceptable discrimination power for the prediction of diagnosis and prognosis of
TBI. Uniquely, we incorporated various demographic variables, trauma circumstances,
patients’ complaints, and EMS assessment information in the prediction models, and we
adapted the machine learning algorithms.

When using a cutoff for 80% sensitivity for TBI detection, the false positive rate was

19.7-39.0% (Table 2). Those false positive rate levels are plausible for detecting severe

diseases in EMS settings. A previous study reported a 26% of false positive rate of EMS
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triage for myocardial infarction with a sensitivity of 74% and 50% of false positive rate of
EMS recognition of stroke in sensitivity of 74%.%82° Considering the prevalence of outcomes
(24% in TBI, 22% in TBI-I, 21% in TBI-ND, and 4% in TBI-D; Table 1), there would be 16,
9, 12, and 67 false-positive patients for every 10 patients that are accurately identified as TBI,
TBI-I, TBI-ND, and TBI-D, respectively (Supplementary Table 4). Because of the low
prevalence of TBI-D, a similar specificity of the prediction model for outcomes resulted in a
very low positive predictive value and a high proportion of false positive cases, which
suggested the limited applicability of prediction models for TBI-D in prehospital settings.

Consciousness-status-related variables ranging from patients’ complaints to EMS
assessment showed the highest importance regardless of models and outcomes in our study.
Consciousness status is closely associated with head trauma. Head trauma can result in
structural brain injury or physiological disruption of brain function, which could result in
altered mental status.>” Mental status is also associated with TBI severity, 38 and its
association with TBI outcomes have been reported.®® !* History taking and physical
examination for altered mental status is key to early diagnosis and proper management of TBI
in prehospital settings.

We adapted machine learning algorithms for the prediction of TBI-related outcomes
and found an improvement in discrimination and an increase in specificity with the same
sensitivity thresholds. However, the LR model also showed acceptable or similar
performance compared to machine learning models, according to the outcomes. In clinical
prediction models, a previous systematic review reported no performance benefit of the
machine learning model over LR.*’ The previous study stated that machine learning models
tend to show high performance with a strong signal-to-noise ratio problem like gaming,

image recognition. However, clinical prediction problems often result in a poor signal-to-
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noise ratio.*? If we could use unstructured data, which has strong signal-to-noise ratio like
continuous vital sign monitoring data or audiovisual data for patients’ appearance, machine
learning models might perform better than LR models. In addition, if we analyzed more
patient data, the performance improvement of machine models might be elucidated.

Precise assessment in prehospital field could contribute to improved patient-related
outcomes. High demand of EMS call and response, disparity in accessibility to definitive care
capable hospitals according to regions,?* and the importance of timely management in acute
disease care are the chief reasons behind the necessity for the accurate assessment of EMS
providers. Although information acquisition and processing is quite difficult in prehospital
areas, various instruments and information systems could attribute to diminish those
problems. Complex data acquisition like mobile CT or other unstructured data*!, information
sharing through telemedicine,*? and decision support tools in prehospital environments*?
could contribute to the accurate assessment of EMS providers. More information acquisition
and real-time processing of those data could improve the clinical prediction models in
prehospital areas, which could lead to the improvement of patients’ safety and outcomes.

Our study had several limitations. First, our data were collected at three teaching
hospitals in urban areas of South Korea. Therefore, external validation for other areas should
be conducted to generalize the developed prediction model. Second, we used retrospective
analysis of electronically collected prehospital and hospital data. There might be various
information loss and missing data. We treated missing status as a separate category for our
analysis;* however, there could be different reasons for missing data. Third, there is a
possibility that the prediction model was overfitted or underfitted. The use of large number of
predictors also can contribute to overfitting. To minimize this issue, we rigorously searched

hyperparameters and carefully chose hyperparameters according to the performance in
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independent validation cohorts. Fourth, we selected our study population using trauma center
transport criteria for EMS providers in Korea. Although those criteria are based on the field
triage decision scheme which is the most widely used prehospital trauma triage protocol,®
extrapolation to another EMS setting or general trauma patients would be limited. Fifth,
Abbreviated Injury Scale (AIS) codes were not used to identify our study outcome because of
a lack of information. To compensate for this limitation, we further identified TBI-I, TBI-
ND, and TBI-D patients to consider severity. However, different definitions of clinical
severity, including ICU admission or emergency operation, might be possible. Lastly, this
study was performed in an intermediate-service-level EMS system. The generalization of our
study findings to different EMS settings should be made with caution.

In conclusion, we presented data on TBI among patients with severe trauma assessed
by EMS providers, and our results inform the development of prediction models for the
diagnosis and prognosis of TBI in our population. We used various information that can be
obtained in prehospital settings and showed acceptable outcome performance. The consistent
importance of consciousness-status-related variables emphasizes the importance of
assessment and monitoring of consciousness status in prehospital areas. Although
prospective, and implementation studies are needed for TBI prediction in prehospital areas,
our study outlined a novel method for the precise assessment of EMS providers using a
machine-learning-based prediction model. Further collection of various types of patient-
related data would contribute to the enhanced performance of the clinical prediction model in

prehospital settings.
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Figure legends

Figure 1. Population flow. EMS, emergency medical service; OHCA, out-of-hospital cardiac

arrest; TBI, traumatic brain injury.
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1

2

3

g 599  Table 1. Key characteristics of the development and test cohorts.

j n (%) or Median (IQR)

8 Development Test

9 Total cohort cohort P
10 Total N=1169 n =867 n =302

1 ; Demographics

13 Age, years 53 (36-66) 52 (35-66) 56 (40-69) <0.01
14 Male 809 (69.2) 592 (68.3) 217 (71.9) 0.25
" Job, unemployed 299 (25.6) 197 (22.7) 102 (33.8) <0.01
17 Diabetes 62 (5.3) 35 (4.0) 27 (8.9) <0.01
12 Hypertension 105 (9.0) 61 (7.0) 44 (14.6) <0.01
20 Circumstances of trauma

21 Location, road/highway 444 (38.0) 326 (37.6) 118 (39.1) 0.65
;g Season, summer 336 (28.7) 253 (29.2) 83 (27.5) 0.57
24 Weekday, weekend 811 (69.4) 599 (69.1) 212 (70.2) 0.72
25 Time, 6 p.m. to midnight 361 (30.9) 265 (30.6) 96 (31.8) 0.69
20 Mechanism of injury, TA 500 (42.8) 375 (43.3) 125 (41.4) 0.57
28 Chief complaint

29 Fracture/abrasion/laceration 302 (25.8) 204 (23.5) 98 (32.5) <0.01
;? EMS vital sign assessment

32 SBP, mmHg 130 (109-150) 130 (104-146) 131 (115-150)  <0.01
gj DBP, mmHg 80 (70-91) 80 (69-90) 80 (70-92) 0.21
35 RR, /min 18 (16-20) 18 (16-20) 18 (16-20) 0.33
36 HR, /min 86 (75-99) 86 (74-99) 86 (76-100) 0.40
i SpO2, % 98 (95-99) 98 (95-99) 98 (96-99) 0.67
39 AVPU scale, Alert 714 (61.1) 504 (58.1) 210 (69.5) <0.01
40 EMS management

2; Intravenous route 176 (15.1) 129 (14.9) 47 (15.6) 0.77
43 Hemorrhage control 586 (50.1) 426 (49.1) 160 (53.0) 0.25
2‘5‘ Spinal motion restriction 811 (69.4) 606 (69.9) 205 (67.9) 0.51
46 Oxygen supply 233 (19.9) 176 (20.3) 57 (18.9) 0.59
47 In-hospital mortality 90 (7.7) 74 (8.5) 16 (5.3) 0.07
22 Outcomes

50 TBI 281 (24.0) 215 (24.8) 66 (21.9) 0.30
g; TBI with intracranial injury 251 (21.5) 195 (22.5) 56 (18.5) 0.15
53 TBI-related non-discharge 249 (21.3) 192 (22.1) 57 (18.9) 0.23
54 TBI-related death 43 (3.7) 32 (3.7) 11 (3.6) 0.95

55 600 IQR, interquartile range; TA, traffic accident; SBP, systolic blood pressure; DBP, diastolic
57 601  blood pressure; RR, respiratory rate; AVPU, mental status in alert, verbal, pain, and

5o 602 unresponsive scale; ED, emergency department; TBI, traumatic brain injury.

30

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml



oNOYTULT D WN =

603
604

605
606
607
608
609
610
611
612

613
614
615

BMJ Open

Table 2. Discrimination and reclassification of prediction models for outcomes on test

cohort.
Outcome Model AUROC (95% CI) p? NRI (95% CI) p° AUPRC
TBI
LR 0.770 (0.698, 0.841) NA NA NA 0.492
XGB 0.809(0.743,0.876)  0.04 0.689 (0.427,0.951) <0.01 0.552
SVM  0.776 (0.708, 0.844)  0.77 0.339 (0.072, 0.607) 0.01 0.479
RF 0.800 (0.735,0.865)  0.13 0.308 (0.047, 0.569) 0.02 0.532
EN 0.799 (0.732,0.867)  0.06 0.698 (0.441,0.954) <0.01 0.564
TBI-I
LR 0.820 (0.751,0.890) NA NA NA 0.551
XGB 0.838(0.775,0.901) 0.28 0.539(0.258,0.821) <0.01 0.554
SVM  0.812(0.748,0.875)  0.66 0.729 (0.464,0.994) <0.01 0.469
RF 0.836 (0.772,0.899)  0.38 0.333 (0.058, 0.607) 0.02 0.552
EN 0.844 (0.779,0.910)  0.15 1.093 (0.845,1.342) <0.01  0.606
TBI-ND
LR 0.767 (0.690, 0.844) NA NA NA 0.482
XGB 0.800(0.727,0.873)  0.07 0.605 (0.326,0.884) <0.01 0.496
SVM  0.778 (0.704,0.852)  0.56 0.285 (-0.001, 0.572)  0.05 0.477
RF 0.809 (0.739, 0.880)  0.03 0.194 (-0.059,0.448)  0.13 0.535
EN 0.811(0.741,0.882)  0.02 0.768 (0.496, 1.039) <0.01  0.551
TBI-D
LR 0.664 (0.490, 0.838) NA NA NA 0.138
XGB 0.714(0.512,0.917) 0.64  -0.026 (-0.605,0.553)  0.93 0.094
SVM  0.814(0.718,0.910)  0.09 0.209 (-0.325,0.742)  0.44 0.140
RF 0.889 (0.801,0.976) <0.01 -0.204 (-0.742,0.334) 0.46 0.196
EN 0.871 (0.764, 0.978)  0.01 0.119 (-0.415,0.654)  0.66 0.293

aComparing the AUROC and the logistic regression model.

bComparing the NRI and the logistic regression model.

AUROC, area under the receiver operating characteristic curve; CI, confidence interval;

NRI, net reclassification index; AUPRC, area under precision-recall curve; TBI,

traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-ND;

traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with death;

LR, logistic regression analysis; XGB, extreme gradient boosting; SVM, support vector

machine; RF, random forest; EN, elastic net
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Table 3. Test characteristics of prediction models for outcomes on test cohort.

Outcome Model

Specificity (95% CI)  Sensitivity (95% CI)

PPV (95% CI)

NPV (95% CI)

Cutoff

TBI
LR
XGB
SVM
RF
EN

47.5 (40.9, 54.0)
72.5 (6.3, 78.1)
64.8 (58.4, 70.9)
68.2 (61.9, 74.1)
61.0 (54.5, 67.3)

80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)
80.3 (68.7, 89.1)

29.9 (23.3,37.3)
44.9 (35.7, 54.3)
39.0 (30.7, 47.7)
41.4 (32.8,50.4)
36.6 (28.7, 44.9)

89.6 (82.9, 94.3)
92.9 (88.2, 96.2)
92.2 (87.0, 95.8)
92.5 (87.6, 96.0)
91.7 (86.3, 95.5)

0.136
0.268
0.191
0.185
0.205

TBI-I
LR
XGB
SVM
RF
EN

71.1 (65.0, 76.7)
74.0 (68.0, 79.4)
71.1 (65.0, 76.7)
76.0 (70.2, 81.2)
81.3 (75.9, 86.0)

80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)
80.4 (67.6, 89.8)

38.8 (29.9, 48.3)
413 (31.9, 51.1)
38.8 (29.9, 48.3)
43.3 (33.6,53.3)
49.5 (38.8, 60.1)

94.1 (89.7, 97.0)
94.3 (90.0, 97.1)
94.1 (89.7, 97.0)
94.4 (90.3, 97.2)
94.8 (90.9, 97.4)

0.164
0.143
0.172
0.205
0.204

TBI-ND
LR
XGB
SVM
RF
EN

46.1 (39.8, 52.6)
66.5 (60.2, 72.4)
59.2 (52.7, 65.4)
60.4 (54.0, 66.6)
74.3 (68.3, 79.6)

80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)
80.7 (68.1, 90.0)

25.8 (19.6, 32.9)
35.9 (27.7, 44.9)
31.5(24.1,39.7)
32.2 (24.6, 40.5)
42.2 (32.8, 52.0)

91.1 (84.7, 95.5)
93.7 (89.0, 96.8)
92.9 (87.7, 96.4)
93.1 (88.0, 96.5)
94.3 (90.0, 97.1)

0.090
0.242
0.147
0.138
0.201

TBI-D
LR
XGB
SVM
RF
EN

42.6 (36.9, 48.5)
57.7(51.8, 63.5)
74.2 (68.8, 79.2)
74.9 (69.5, 79.8)
79.0 (73.9, 83.6)

81.8 (48.2,97.7)
81.8(48.2,97.7)
81.8 (48.2,97.7)
81.8 (48.2,97.7)
81.8 (48.2,97.7)

5.1(24,9.5)
6.8 (3.2,12.5)
10.7 (5.0, 19.4)
11.0 (5.1, 19.8)
12.9 (6.1, 23.0)

98.4 (94.4, 99.8)
98.8 (95.8, 99.9)
99.1 (96.7, 99.9)
99.1 (96.8, 99.9)
99.1 (96.9, 99.9)

0.005
0.002
0.039
0.005
0.033

TBI, traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-

ND; traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with

death; LR, logistic regression analysis; XGB, extreme gradient boosting; SVM, support

vector machine; RF, random forest; EN, elastic net.
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Table 4. Top 5 important variables for outcomes in descending order using model

specific metrics

Outcome  Rank LR XGB RF EN
TBI
| Loss of Loss of Loss of Loss of
consciousness consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 GCS, Motor, 1
3 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 2
4 Light reflex Other mechanism Light reflex GCS, Eye, 1
5 GCS, Motor, 1 GCS, Verbal, 2 GCS, Motor, 1 GCS, Verbal, 1
TBI-I
1 Loss (?f Loss qf Loss Qf GCS, Eye, 1
consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 Loss of
consciousness
3  GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 1
4 Light reflex GCS, Verbal, 2 Light reflex GCS, Verbal, 1
5 GCS, Motor, 1 Other mechanism GCS, Motor, 1 Light reflex
TBI-ND
| Loss of Loss of Loss of Loss of
consciousness consciousness consciousness consciousness
2 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1 GCS, Eye, 1
3 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 1
4 Light reflex GCS, Verbal, 2 GCS, Verbal, 2 GCS, Verbal, 1
5 GCS, Motor, 1 GCS, Motor, 1 GCS, Motor, 4 Light reflex
TBI-D
j Lossof GCS, Verbal, 1 GCS, Verbal, 1 GCS, Motor, 2

4
5

consciousness

GCS, Verbal, 1
GCS, Eye, 1

Light reflex
GCS, Motor, 1

Oxygen
saturation<96%

Fall mechanism
Afternoon

Light reflex

Light reflex

Loss of
consciousness

GCS, Eye, 1
GCS, Motor, 1

GCS, Verbal, 1

Loss of
consciousness

Age over 80
HR 87-99

TBI, traumatic brain injury, TBI-I, traumatic brain injury with intracranial injury; TBI-

ND; traumatic brain injury with non-discharge; TBI-D, traumatic brain injury with

death; LR, logistic regression; XGB, extreme gradient boosting; RF, random forest; EN,

elastic net; GCS, Glasgow coma scale; HR, heart rate.
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Total EMS users (2014-2018)
N=157,314
9 ¢ » Age < 15 years old, N=19,369

oNOYTULT D WN =

Adult and adolescent patients
11 N=137,765
12 T
13 y
14 Patients without OHCA
15 N=135,492 Main cause of EMS call
16 T - Medical, N=102,988

y - Non-traumatic injury: 3,194
Severe Trauma - Non-severe trauma: 28,141
18 N=1,169
19 |
20 v v

21 Development cohort Test cohort
22 N=867 N=302

23 ¥ v

Outcomes Outcomes

25 -TBL: N=215 - TBI: N=66

26 - TBI with Intracranial injury: N=195 - TBI with Intracranial injury: N=56
27 - TBI-related non-discharge: N=192 - TBI-related non-discharge: N=57
28 - TBI-related death: N=32 - TBI-related death: N=11

A\ 4

OHCA, N=2,273

v

30 Figure 1. Population flow. EMS, emergency medical service; OHCA, out-of-hospital cardiac arrest; TBI,
31 traumatic brain injury.
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Supplementary Table 1. List of analyzed variables.

Variables Descriptions Type of raw data Category Preprocessing

Gender Sex of the patients Binary Male, Female

Age Age of patients Continuous 15-39 years, 40-59 years, 60-79 years, and | Discretization and one hot encoding
80- years

Job Job of patients Categorical Unemployed, Student/Housewife; | One hot encoding
Office/Commercial/Service workers; | Missing data were classified into others
Industrial/Agricultural/Fishery/Miner
worker; Others

Diabetes History of diabetes mellitus Binary Yes, No Missing data were classified into no

Hypertension History of hypertension Binary Yes, No Missing data were classified into no

Location of injury Location of injury Categorical home/residential area/medical | One hot encoding
facility/school/gym; Missing data were classified into others
Road/highway;
Off-road traffic area;
Others

Season Season when injury occurred | Categorical Spring, Summer, Fall, Winter One hot encoding

Weekend Whether Injury occurred on | Binary Weekday, Weekend

weekday or weekend

Daytime When injury was occurred Categorical Night (Midnight to 5AM), Morning (6AM | One hot encoding
to 11AM), Afternoon (Midday to 5PM), | Missing time were imputed using EMS
Evening (6PM to 11PM) call time

Mechanism of injury | Mechanism of injury Categorical Slip down, Fall down, Traffic accident, | One hot encoding
Other Missing data were classified into others

Glasgow coma scale | Eye element of Glasgow coma | Categorical 1;2;3;4;Unknown One hot encoding

eye scale

Glasgow coma scale | Verbal element of Glasgow | Categorical 1;2;3;4;5;Unknown One hot encoding

Verbal coma scale

Glasgow coma scale | Motor element of Glasgow | Categorical 1;2;3;4;5;6;Unknown One hot encoding

Motor coma scale

Light Reflex any | Any abnormality of light | Categorical No, Yes, Unknown One hot encoding

Abnormal

reflex on any side

Missing data were classified into
unknown
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Systolic blood | Systolic blood pressure Continuous -107 mmHg, 108-130 mmHg, 131-145 | Discretization and one hot encoding
pressure mmHg, 146- mmHg, Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Diastolic blood | Diastolic blood pressure Continuous -69 mmHg, 70-80 mmHg, 81-91 mmHg, | Discretization and one hot encoding
pressure 92- mmHg, Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Heart rate Heart rate Continuous -74/min, 75-86/min, 87-99/min, 100-/min, | Discretization and one hot encoding
Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Respiratory rate Respiratory rate Continuous -16/min, 17-18/min, 19-20/min, 21-/min, | Discretization and one hot encoding
Unknown Cutoff values for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Oxygen saturation Oxygen saturation Continuous -95%, 96-98%, 99%, 100%, Unknown Discretization and one hot encoding
Cutoff values for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Body temperature Body temperature Continuous -36°C, 36.1-36.3°C, 36.4-36.8°C, 36.9-°C, | Discretization and one hot encoding
Unknown Cutoff wvalues for categories were
calculated from median and interquartile
range of training cohort
Missing data were classified into
unknown
Chest pain or | Symptom of chest pain or | Binary Yes, No

abdominal pain

abdominal pain
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Fracture, abrasion, or | Symptom of fracture, | Binary Yes, No
laceration abrasion, or laceration
Loss of | Symptom  of loss  of | Binary Yes, No
consciousness consciousness (whether

patients  had loss  of

consciousness between injury

and EMS provider’s

assessment)
Dyspnea Symptom of dyspnea Binary Yes, No
Nose bleeding Symptom of nose bleeding Binary Yes, No
Nausea or vomiting | Symptom of nausea or | Binary Yes, No

vomiting
Headache, paralysis | Symptom  of  headache, | Binary Yes, No

or dizziness

paralysis or dizziness
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Supplementary Table 2. Demographic characteristics of development and test cohorts

N (%) or Median (IQR)

Characteristics Total Development Test P-value
Total 1169 867 302
Demographics
Male 809 (69.2) 592 (68.3) 217 (71.9) 0.25
Age, years 53 (36-66) 52 (35-66) 56 (40-69) <0.01
Job of patients <0.01
Unemployed 299 (25.6) 197 (22.7) 102 (33.8)
Student/Housewife 161 (13.8) 129 (14.9) 32 (10.6)
Office/Commercial/Service worker 283 (24.2) 176 (20.3) 107 (35.4)
Industrial/Agricultural/Fishery/Minery
worker 36 (3.1) 25 (2.9) 11 (3.6)
Others 390 (33.4) 340 (39.2) 50 (16.6)
Past medical history
Diabetes 62 (5.3) 35 (4.0) 27 (8.9) <0.01
Hypertension 105 (9.0) 61 (7.0) 44 (14.6) <0.01
Circumstances of Trauma
Location of trauma 0.52
Residential/Nursing/Education/Exercise
facility 303 (25.9) 218 (25.1) 85 (28.1)
Road/Highway 444 (38.0) 326 (37.6) 118 (39.1)
Off-road traffic area 181 (15.5) 140 (16.1) 41 (13.6)
Others 241 (20.6) 183 (21.1) 58 (19.2)
Season of trauma <0.01
Spring 249 (21.3) 167 (19.3) 82 (27.2)
Summer 336 (28.7) 253 (29.2) 83 (27.5)
Fall 304 (26.0) 242 (27.9) 62 (20.5)
Winter 280 (24.0) 205 (23.6) 75 (24.8)
Weekday 811 (69.4) 599 (69.1) 212 (70.2) 0.72
Time of trauma 0.83
6A-MD 281 (24.0) 206 (23.8) 75 (24.8)
MD-6P 266 (22.8) 203 (23.4) 63 (20.9)
6P-MN 361 (30.9) 265 (30.6) 96 (31.8)
MN-6A 261 (22.3) 193 (22.3) 68 (22.5)
Mechanism of Trauma 0.60
Traffic accident 500 (42.8) 375 (43.3) 125 (41.4)
Slip down 325 (27.8) 232 (26.8) 93 (30.8)
Fall down 171 (14.6) 129 (14.9) 42 (13.9)
Others 173 (14.8) 131 (15.1) 42 (13.9)
Chief complaint
Altered mentality 279 (23.9) 223 (25.7) 56 (18.5) 0.01
Facture/Abrasion/Laceration 302 (25.8) 204 (23.5) 98 (32.5) <0.01
Chest/Abdominal pain 47 (4.0) 31 (3.6) 16 (5.3) 0.19
Dyspnea 25 (2.1) 20 (2.3) 5(.7) 0.50
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Epistaxis
Headache/Paralysis/Dizziness/Vertigo
Nausea/VVomiting

EMS Vital sign assessment

SBP, mmHg
Missing
DBP, mmHg
Missing
HR, /min
Missing
RR, /min
Missing
Sp02, %
Missing
Temperature, °C
Missing
AVPU scale
Alert
Verbal
Pain
Unresponsive
Abnormal light reflex
Missing
GCS scale component
Glasgow coma scale eye
4
3
2
1
Unknown
Glasgow coma scale Verbal
5

= N W B

Unknown
Glasgow coma scale Motor
6

= N W b~ O

Unknown
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44 (3.8)
95 (8.1)
32 (2.7)

130 (109-
150)

65 (5.6)
80 (70-91)
75 (6.4)
86 (75-99)
31 (2.7)
18 (16-20)
36 (3.1)
98 (95-99)

38 (3.3)
36.5 (36-
36.8)

94 (8.0)

714 (61.1)
168 (14.4)
199 (17.0)
88 (7.5)
165 (14.1)
66 (5.6)

558 (47.7)
128 (10.9)
110 (9.4)
174 (14.9)
199 (17.0)

520 (44.5)
118 (10.1)
25 (2.1)
132 (11.3)
174 (14.9)
200 (17.1)

499 (42.7)
124 (10.6)
158 (13.5)
47 (4.0)
17 (1.5)
125 (10.7)
199 (17.0)

30 (3.5)
64 (7.4)
20 (2.3)

130 (104-146)
56 (6.5)
80 (69-90)
65 (7.5)
86 (74-99)
28 (3.2)

18 (16-20)
33 (3.8)
98 (95-99)
33(3.8)

36.5 (36-36.8)
65 (7.5)

504 (58.1)
136 (15.7)
158 (18.2)
69 (8.0)
132 (15.2)
57 (6.6)

380 (43.8)
109 (12.6)
82 (9.5)
141 (16.3)
155 (17.9)

359 (41.4)
88 (10.1)
19 (2.2)
105 (12.1)
141 (16.3)
155 (17.9)

333 (38.4)
103 (11.9)
123 (14.2)
39 (4.5)
15 (1.7)
99 (11.4)
155 (17.9)

14 (4.6)
31 (10.3)
12 (4.0)

131 (115-
150)

9(3.0)
80 (70-92)
10 (3.3)
86 (76-100)
3(1.0)
18 (16-20)
3(1.0)
98 (96-99)

5(1.7)
36.5 (36-
36.7)

29 (9.6)

210 (69.5)
32 (10.6)
41 (13.6)
19 (6.3)
33 (10.9)

9(3.0)

178 (58.9)
19 (6.3)
28 (9.3)
33 (10.9)
44 (14.6)

161 (53.3)
30 (9.9)
6(2.0)
27 (8.9)

33(10.9)

45 (14.9)

166 (55.0)
21 (7.0)
35 (11.6)

8 (2.6)

2 (0.7)
26 (8.6)
44 (14.6)
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0.36
0.11
0.13

<0.01
0.02
<0.01
0.01
<0.01
0.04
<0.01
0.01
<0.01
0.07

<0.01
0.25
<0.01

<0.01

<0.01

0.01

<0.01
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1

2

3

4

5 EMS management

6 Intravenous route 176 (15.1) 129 (14.9) 47 (15.6) 0.77
7 Hemorrhage control 586 (50.1) 426 (49.1) 160 (53.0) 0.25
8 Spinal motion restriction 811 (69.4) 606 (69.9) 205 (67.9) 0.51
?O Advanced airway management 4(0.3) 2(0.2) 2 (0.7) 0.28
11 Oxygen supply 233 (19.9) 176 (20.3) 57 (18.9) 0.59
12 Field triage decision scheme criteria*

13 Physiological criteria

14 SBP<90 mmHg 58 (5.0) 42 (4.8) 16 (5.3) 0.75
: 2 RR<10 or >29 /min 11 (0.9) 11 (1.3) 0(0.0) 0.08
17 Non-Alert 429 (36.7) 343 (39.6) 86 (28.5) <0.01
18 Anatomic criteria

19 All penetrating injuries to head, neck,

20 torso and extremities proximal to elbow

2 or knee 34 (2.9) 23 (2.7) 11 (3.6) 0.38
22 Chest wall instability or deformity 4(0.3) 4 (0.5) 0(0.0) 0.58
23 Two or more proximal long bone

24 fractures 19 (1.6) 13 (1.5) 6 (2.0) 0.60
25 Crush, degloved, mangled or

26 pulseless extremity 15 (1.3) 13 (1.5) 2(0.7) 0.38
27 Amputation proximal to wrist or ankle 9(0.8) 9 (1.0) 0(0.0) 0.12
;g Pelvic fractures 8(0.7) 6(0.7) 2(0.7) >0.95
30 Open or depressed skull fracture 17 (1.5) 9 (1.0) 8 (2.6) 0.05
31 Paralysis 21 (1.8) 11 (1.3) 10 (3.3) 0.02
32 Mechanism of injury criteria

33

34 Fall > 6 meter 113 (9.7) 84 (9.7) 29 (9.6) >0.95
35 High-risk auto crash 96 (8.2) 73 (8.4) 23 (7.6) 0.66
36 Auto vs pedestrian/bicyclist thrown,

37 run over, or with significant (>30km/h)

38 impact 119 (10.2) 83 (9.6) 36 (11.9) 0.25
23 Motorcycle crash > 30 km/hour 105 (9.0) 70 (8.1) 35 (11.6) 0.07
41 ED disposition 0.11
jé Discharge 320 (27.4) 241 (27.8) 79 (26.2)

44 Transfer 444 (38.0) 316 (36.4) 128 (42.4)

45 Admitted 366 (31.3) 276 (31.8) 90 (29.8)

46 . .

47 In-hospital mortality 90 (7.7) 74 (8.5) 16 (5.3) 0.07
48 Outcomes

4

53 TBI 281 (24.0) 215 (24.8) 66 (21.9) 0.30
51 TBI with intracranial injury 251 (21.5) 195 (22.5) 56 (18.5) 0.15
gg TBI-related non-discharge 249 (21.3) 192 (22.1) 57 (18.9) 0.23
54 TBI-related death 43 (3.7) 32 (3.7) 11 (3.6) >0.95
55 *EMS providers check specific criteria orderly from physiologic, anatomical, and mechanism of injury. If the
56

57 preceding criteria are satisfied, the information of the latter criteria is not collected.

58

59

60
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IQR, interquartile range; SBP, systolic blood pressure; RR, respiratory rate; ED, emergency department; TBI,

traumatic brain injury.
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1

2

3

g Supplementary Table 3. Hyperparameters of the final prediction models*

6 Model Outcome  Hyperparameters

; Elastic net TBI alpha: 0.325, lambda: 0.07506346

9 TBI-I alpha: 0.325, lambda; 0.07506346

10 TBI-ND  alpha: 0.325, lambda: 0.07017153

11

12 TBI-D alpha: 0.325, lambda: 0.01565599

13 Random forest TBI ntree:500, mtry: 18

14

15 TBI-I ntree:500, mtry: 18

16 TBI-ND  ntree:500, mtry: 18

1; TBI-D ntree:500, mtry: 15

19 Support vector machine TBI sigma: 0.008047; C: 4

;‘1) TBI-I sigma: 0.008047; C: 4

22 TBI-ND  sigma: 0.008047; C: 4

;i TBI-D  sigma: 0.008047; C: 4

25 nrounds: 299; max_depth: 1; eta: 0.4807096; gamma: 2.336623;
26 Extreme gradient boosting TBI colsample_bytree: 0.3657893; min_child_weight: 8; subsample:
27

28 0.8182623

29 nrounds: 299; max_depth: 1; eta: 0.4807096; gamma: 2.336623;
2(1) TBI-I colsample_bytree: 0.3657893; min_child_weight: 8; subsample:
32 0.8182623

2431 nrounds: 301; max_depth: 1; eta: 0.02154674; gamma: 4.696105;
35 TBI-ND  colsample_bytree: 0.590754; min_child_weight: 1; subsample:
g? 0.5070866

38 nrounds: 50; max_depth: 0.3; eta: 0.3; gamma: 0;

39 TBI-D colsample_bytree: 0.8; min_child_weight: 1; subsample:

40

41 0.5510204

42 * Aside from the hyperparameters mentioned, all other hyperparameters are used as the default value.

ji TBI, traumatic brain injury; TBI-I, TBI with intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-
45 D, TBI with death.

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60
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Supplementary Figure 1. Receiver operating characteristics of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I,

BMJ Open

TBI with intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death.
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1
2
i Supplementary Figure 2. Precision-recall curve of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I, TBI with
5 intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death; LR, logistic regression analysis; XGB, extreme gradient
6
7 boosting; RF, random forest, EN, elastic net.
8
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Supplementary Figure 3. Calibration plot of prediction models according to outcomes. TBI, traumatic brain injury; TBI-I, TBI with

intracranial hemorrhage or injury; TBI-ND, TBI non-discharge; TBI-D, TBI with death; p, p-value of Hosmer-Lemeshow test; BS, scaled

Brier score.
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Supplementary Table 4. Example of calculating false-positive patients for accurately identified patients. TBI, traumatic brain injury; EN,

elastic net.

BMJ Open

Severe trauma Patients

Using demographic
information and test

N=1,169 characteristics of EN model
on TBI prediction
v Prevalance(24.0%)
TBI Not TBI
N=281 N=888
Sensitivity(80.3%) Specificity(61.0%)
TBI predicted TBInot predicted TBI predicted TBInot predicted
N=226 N=55 N=346 N=542
Accurately identified as TBI False positive patients

False-positive patients for every 10 patients that are accuratelyidentified as TBI :
346/226x 10 = 15.3, rounded up to 16 patients
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TRIPOD Checklist: Prediction Model Development and Validation

BMJ Open

1
2 Section/Topic Item Checklist Item
3 Title and abstract
) . Identify the study as developing and/or validating a multivariable prediction model, the
4 Title 1 DV - ;
target population, and the outcome to be predicted.
5 . Provide a summary of objectives, study design, setting, participants, sample size,
Abstract 2 DV . o ; :
predictors, outcome, statistical analysis, results, and conclusions.
6 Introducti
ntroduction
/ Explain the medical context (including whether diagnostic or prognostic) and rationale
8 3a D;V | for developing or validating the multivariable prediction model, including references to
9 Backgrpuqd existing models.
10 and objectives 3p DV Specify the objectives, including whether the study describes the development or
1 ’ validation of the model or both.
Methods
12 4a DV Describe the study design or source of data (e.g., randomized trial, cohort, or registry
13 Source of data ’ data), separately for the development and validation data sets, if applicable.
. Specify the key study dates, including start of accrual; end of accrual; and, if applicable,
14 b D:V end of follow-up
15 5a DV Specify key elements of the study setting (e.g., primary care, secondary care, general
16 Particioants ’ population) including number and location of centres.
17 P 5b D;V Describe eligibility criteria for participants.
18 5c D;V | Give details of treatments received, if relevant.
19 6a DV Clearly define the outcome that is predicted by the prediction model, including how and
Outcome ’ when assessed.
20 6b D;V Report any actions to blind assessment of the outcome to be predicted.
21 7a DV Clearly define all predictors used in developing or validating the multivariable prediction
22 Predictors ’ model, including how and when they were measured.
7b DV Report any actions to blind assessment of predictors for the outcome and other
23 ’ predictors.
24 Sample size 8 D;V Explain how the study size was arrived at.
25 Missing data 9 DV Describe how missing data were handled (e.g., complete-case analysis, single
26 ’ imputation, multiple imputation) with details of any imputation method.
10a D Describe how predictors were handled in the analyses.
27 10b D Specify type of model, all model-building procedures (including any predictor selection),
28 Statistical and method for internal validation.
analysis 10c For validation, describe how the predictions were calculated.
29 :
30 methods 10d DV Specify all measures used to assess model performance and, if relevant, to compare
’ multiple models.
31 10e \ Describe any model updating (e.g., recalibration) arising from the validation, if done.
32 Risk groups 11 D;vV Provide details on how risk groups were created, if done.
33 Development 12 v For validation, identify any differences from the development data in setting, eligibility
34 vs. validation criteria, outcome, and predictors.
Results
35 Describe the flow of participants through the study, including the number of participants
36 13a D;V | with and without the outcome and, if applicable, a summary of the follow-up time. A
37 diagram may be helpful.
38 Participants Describe the characteristics of the participants (basic demographics, clinical features,
P 13b D;v available predictors), including the number of participants with missing data for
39 predictors and outcome.
40 13c v For validation, show a comparison with the development data of the distribution of
41 important variables (demographics, predictors and outcome).
Model 14a D Specify the number of participants and outcome events in each analysis.
42 development 14b D If done, report the unadjusted association between each candidate predictor and
43 outcome.
44 Model 15a D Present the full prediction model to allow predictions for individuals (i.e., all regression
L coefficients, and model intercept or baseline survival at a given time point).
45 specification
46 15b D Explain how to the use the prediction model.
47 ;’;Aeor(fj:rlmance 16 D;v Report performance measures (with Cls) for the prediction model.
48 Model-updating 17 v If done, report the results from any model updating (i.e., model specification, model
performance).
49 = :
Discussion
50 Limitations 18 DV Discuss any limitations of the study (such as nonrepresentative sample, few events per
51 ’ predictor, missing data).
For validation, discuss the results with reference to performance in the development
52
19a \% S
53 Interoretation data, and any other validation data.
P . Give an overall interpretation of the results, considering objectives, limitations, results
19b D;V
54 ’ from similar studies, and other relevant evidence.
55 Implications 20 D;V | Discuss the potential clinical use of the model and implications for future research.
Other information
56
7 Supplementary 21 DV Provide information about the availability of supplementary resources, such as study
5 information ’ protocol, Web calculator, and data sets.
58 Funding 22 D;V | Give the source of funding and the role of the funders for the present study.
59
60

*Items relevant only to the development of a prediction model are denoted by D, items relating solely to a validation of a prediction model are
denoted by V, and items relating to both are denoted D;V. We recommend using the TRIPOD Checklist in conjunction with the TRIPOD
Explanation and Elaboration document.
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