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[bookmark: _Ref198216273]TRIPOD+AI Checklist

TRIPOD+AI checklist is taken from Collins et al.1  SM = Supplementary Material.
Table 1 TRIPOD+AI checklist
	Section/Topic	Item	Development	Checklist item
/ evaluation1
	Reported on page

	TITLE
	

	Title
	1
	D;E
	Identify the study as developing or evaluating the performance of a multivariable prediction model, the target population, and the outcome to be predicted
	1

	ABSTRACT

	Abstract
	2
	D;E
	See TRIPOD+AI for Abstracts checklist
	2

	INTRODUCTION

	Background
	3a
	D;E
	Explain the healthcare context (including whether diagnostic or prognostic) and rationale for developing or evaluating the prediction model, including references to existing models
	3

	
	3b
	D;E
	Describe the target population and the intended purpose of the prediction model in the context of the care pathway, including its intended users (e.g., healthcare professionals, patients, public)
	4, SM

	
	3c
	D;E
	Describe any known health inequalities between sociodemographic groups
	SM

	Objectives
	4
	D;E
	Specify the study objectives, including whether the study describes the development or validation of a prediction model (or both)
	4

	METHODS

	Data
	
5a
	
D;E
	Describe the sources of data separately for the development and evaluation datasets (e.g., randomised trial, cohort, routine care or registry data), the rationale for using these data, and representativeness of the data
	6, SM

	
	5b
	D;E
	Specify the dates of the collected participant data, including start and end of participant accrual; and, if applicable, end of follow-up
	SM

	Participants
	6a
	D;E
	Specify key elements of the study setting (e.g., primary care, secondary care, general population) including the number and location of centres
	5-9

	
	6b
	D;E
	Describe the eligibility criteria for study participants
	SM

	
	6c
	D;E
	Give details of any treatments received, and how they were handled during model development or evaluation, if relevant
	N/A

	Data preparation
	7
	D;E
	Describe any data pre-processing and quality checking, including whether this was similar across relevant sociodemographic groups
	6, SM

	Outcome
	8a
	D;E
	Clearly define the outcome that is being predicted and the time horizon, including how and when assessed, the rationale for choosing this outcome, and whether the method of outcome assessment is consistent across sociodemographic groups
	7,8

	
	8b
	D;E
	If outcome assessment requires subjective interpretation, describe the qualifications and demographic characteristics of the outcome assessors
	N/A

	
	8c
	D;E
	Report any actions to blind assessment of the outcome to be predicted
	9, 13

	Predictors
	9a
	D
	Describe the choice of initial predictors (e.g., literature, previous models, all available predictors) and any pre-selection of predictors before model building
	8, SM

	
	9b
	D;E
	Clearly define all predictors, including how and when they were measured (and any actions to blind assessment of predictors for the outcome and other predictors)
	SM

	
	9c
	D;E
	If predictor measurement requires subjective interpretation, describe the qualifications and demographic characteristics of the predictor assessors
	N/A

	Sample size
	
10
	
D;E
	Explain how the study size was arrived at (separately for development and evaluation) and justify that the study size was sufficient to answer the research question. Include details of any sample size calculation
	N/A

	Missing data
	11
	D;E
	Describe how missing data were handled. Provide reasons for omitting any data
	SM

	Analytical methods
	12a
	D
	Describe how the data were used (e.g., for development and evaluation of model performance) in the analysis, including whether the data were partitioned, considering any sample size requirements
	8, 9

	
	12b
	D
	Depending on the type of model, describe how predictors were handled in the analyses (functional form, rescaling, transformation, or any standardisation).
	9, SM

	
	12c
	D
	Specify the type of model, rationale, all model-building steps, including any hyperparameter tuning, and method for internal validation
	8, 9, 11, 12, SM

	
	12d
	D;E
	Describe if and how any heterogeneity in estimates of model parameter values and model performance was handled and quantified across clusters (e.g., hospitals, countries). See TRIPOD-Cluster for additional considerations3
	N/A

	
	12e
	D;E
	Specify all measures and plots used (and their rationale) to evaluate model performance (e.g., discrimination, calibration, clinical utility) and, if relevant, to compare multiple models
	9, 10, SM

	
	12f
	E
	Describe any model updating (e.g., recalibration) arising from the model evaluation, either overall or for particular sociodemographic groups or settings
	9

	
	12g
	E
	For model evaluation, describe how the model predictions were calculated (e.g., formula, code, object, application programming interface)
	9, SM

	Class imbalance
	13
	D;E
	If class imbalance methods were used, state why and how this was done, and any subsequent methods to recalibrate the model or the model predictions
	N/A

	Fairness
	14
	D;E
	Describe any approaches that were used to address model fairness and their rationale
	7, SM

	Model output
	15
	D
	Specify the output of the prediction model (e.g., probabilities, classification). Provide details and rationale for any classification and how the thresholds were identified
	7, 11

	Training versus
evaluation
	16
	D;E
	Identify any differences between the development and evaluation data in healthcare setting, eligibility criteria, outcome, and predictors
	7, SM

	Ethical approval
	17
	D;E
	Name the institutional research board or ethics committee that approved the study and describe the participant-informed consent or the ethics committee waiver of informed consent
	21, 22, SM

	OPEN SCIENCE

	Funding
	18a
	D;E
	Give the source of funding and the role of the funders for the present study
	3, 21, 22

	Conflicts of interest
	18b
	D;E
	Declare any conflicts of interest and financial disclosures for all authors
	22

	Protocol
	18c
	D;E
	Indicate where the study protocol can be accessed or state that a protocol was not prepared
	N/A

	Registration
	18d
	D;E
	Provide registration information for the study, including register name and registration number, or state that the study was not registered
	21, 22

	Data sharing
	18e
	D;E
	Provide details of the availability of the study data
	22

	Code sharing
	18f
	D;E
	Provide details of the availability of the analytical code4
	N/A

	PATIENT & PUBLIC INVOLVEMENT

	Patient & Public Involvement
	19
	D;E
	Provide details of any patient and public involvement during the design, conduct, reporting, interpretation, or dissemination of the study or state no involvement.
	N/A

	RESULTS

	Participants
	20a
	D;E
	Describe the flow of participants through the study, including the number of participants with and without the outcome and, if applicable, a summary of the follow-up time. A diagram may be helpful.
	7, SM

	
	
20b
	
D;E
	Report the characteristics overall and, where applicable, for each data source or setting, including the key dates, key predictors (including demographics), treatments received, sample size, number of outcome events, follow-up time, and amount of missing data. A table may be helpful. Report any
differences across key demographic groups.
	7, SM

	
	20c
	E
	For model evaluation, show a comparison with the development data of the distribution of important predictors (demographics, predictors, and outcome).
	SM

	Model development
	21
	D;E
	Specify the number of participants and outcome events in each analysis (e.g., for model development, hyperparameter tuning, model evaluation)
	SM

	Model specification
	
22
	
D
	Provide details of the full prediction model (e.g., formula, code, object, application programming interface) to allow predictions in new individuals and to enable third-party evaluation and implementation, including any restrictions to access or re-use (e.g., freely available, proprietary)5
	12, SM

	Model performance
	23a
	D;E
	Report model performance estimates with confidence intervals, including for any key subgroups (e.g., sociodemographic). Consider plots to aid presentation.
	13-15, SM

	
	23b
	D;E
	If examined, report results of any heterogeneity in model performance across clusters. See TRIPOD Cluster for additional details3.
	N/A

	Model updating
	24
	E
	Report the results from any model updating, including the updated model and subsequent performance
	N/A

	DISCUSSION

	Interpretation
	25
	D;E
	Give an overall interpretation of the main results, including issues of fairness in the context of the objectives and previous studies
	16, 17

	Limitations
	26
	D;E
	Discuss any limitations of the study (such as a non-representative sample, sample size, overfitting, missing data) and their effects on any biases, statistical uncertainty, and generalizability
	18, 19

	Usability of the model in the context of current care
	27a
	D
	Describe how poor quality or unavailable input data (e.g., predictor values) should be assessed and handled when implementing the prediction model
	N/A

	
	27b
	D
	Specify whether users will be required to interact in the handling of the input data or use of the model, and what level of expertise is required of users
	N/A

	
	27c
	D;E
	Discuss any next steps for future research, with a specific view to applicability and generalizability of the model
	19, 20





Existing Prediction Algorithms
The previous studies were identified using two literature reviews2,3. If a study produced multiple algorithms with different set of inputs or outcome, they are listed separately. If a study produced multiple models using different prediction algorithms with the same set of input and output variables, only the best performing algorithm is displayed here. Three of these studies4–6 are not focused on predicting transfusion requirement, they are for more general trauma-outcome purposes. As part of their general outcome, they also include a prediction of transfusion or massive transfusion requirement, so they are included in the review.
In Table 1, input variables are classified as: P – available prehospital; A – available upon arrival; L – available only following laboratory tests, treatment information, or imaging results. Performance metrics are reported as AUROC except those specified with an asterisk (*) as accuracy. MT: Massive transfusion, CAT: Critical Administration Threshold

[bookmark: _Ref198215720]Table 2 Summary of blood transfusion prediction algorithms in literature
	Study
	Performance
	Outcome
	Outcome Type
	Timeframe
	Inputs

	Walczak (2005)7
	0.76*
	Transfusion
	Volume
	2, 6, 24 hrs
	P, A

	Mina et al. (2013)8
	 0.96
	MT
	Binary
	24 hours
	P, A

	Mackenzie et al. (2014)9
	0.62
	Transfusion
	Binary
	3, 6, 12, 24 hrs
	L

	Shackelford et al. (2015)10
	0.59
	Transfusion
	Binary
	3 and 4 hrs
	A

	
	0.84
	Transfusion
	Binary
	3 and 4 hrs
	L

	
	0.70
	MT
	Binary
	24 hours
	A

	
	0.91
	MT
	Binary
	24 hours
	L

	Dezman et al. (2016)11 
	0.80
	Transfusion
	Binary
	2, 4, 12, 24 hrs
	A

	
	0.87
	MT
	Binary
	5 hours
	A

	Hodgman et al. (2018)12
	0.71
	MT
	Binary
	24 hours
	P, A

	Johnson et al. (2018)13
	0.83
	Transfusion
	Binary
	None
	A

	McLennan et al. (2018)14
	0.93
	MT
	Binary
	24 hours
	P, A

	Christie et al. (2019)4
	0.88
	Transfusion
	Binary
	6, 12, 24, 48, 72 hrs
	P, A, L

	Seheult et al. (2019)15
	0.77*
	MT
	Binary
	24 hours
	P, A

	
	0.88*
	MT
	Binary
	24 hours
	P, A, L

	Feng et al. (2021)16
	0.72
	Transfusion
	Binary
	24 hours
	P, A

	
	0.94
	Transfusion
	Binary
	24 hours
	P, A, L

	Nederpelt et al. (2021)5
	0.86
	MT
	Binary
	4 hours
	P, A, L

	Shahi et al. (2021)17
	0.90
	MT
	Binary
	24 hours
	P, A, L

	Wei et al. (2021)18
	0.86
	MT
	Binary
	24 hours
	P, A

	Yang et al. (2021)19
	0.91
	CAT
	Binary
	1 hour
	L

	
	0.92
	MT
	Binary
	24 hours
	L

	Lammers et al. (2022)20
	0.98
	MT
	Binary
	24 hours
	P, A, L

	Moris et al. (2022)6
	0.78
	Extensive transfusion
	Binary
	None
	L

	Benjamin et al. (2023)21
	0.71
	CAT
	Binary
	1 hour
	P

	
	0.75
	CAT
	Binary
	1 hour
	P, A

	
	0.77
	CAT
	Binary
	1 hour
	P, A

	
	0.81
	CAT
	Binary
	1 hour
	P, A, L





[bookmark: _Ref198216301]BN Variables

In Table 2, JTTR: learnt from UK Military Joint Theatre Trauma Registry dataset. DBTD: learnt from Deployed Blood Transfusion Database. TIC-BN: transferred from trauma-induced coagulopathy risk prediction algorithm22. KL: knowledge – expert knowledge used to refine parameters learnt from data.

[bookmark: _Ref198215785]Table 3 Variables in the blood transfusion prediction BN
	Category
	Name
	States
	Parameter learning

	Injury fragment

	Input (Injury characteristics)
	Mechanism of injury
	Penetrating, Blunt, Explosion
	JTTR

	
	Energy of injury
	Low, High
	JTTR

	Input (Clinical assessment)
	Damaged neck arteries
	No, Yes
	JTTR 

	
	Chest bleeding assessment
	Negative, Positive
	JTTR 

	
	Rib fracture
	No, Yes
	JTTR 

	
	Flail chest
	No, Yes
	JTTR 

	
	Upper limb long bone fracture
	No, Yes
	JTTR 

	
	Upper limb amputation
	No, Yes
	JTTR 

	
	Upper limb soft tissue injury
	No, Mild, Severe
	JTTR 

	
	Upper limb damaged arteries
	No, Yes
	JTTR 

	
	Damaged axillary arteries
	No, Yes
	JTTR 

	
	Abdominal bleeding assessment
	Negative, Positive
	JTTR 

	
	Pelvic fracture
	No, Stable, Unstable
	JTTR 

	
	Lower limb long bone fracture
	No, Yes
	JTTR 

	
	Lower limb amputation
	No, Unilateral, Bilateral
	JTTR 

	
	Lower limb soft tissue injury
	No, Mild, Severe
	JTTR 

	
	Lower limb damaged arteries
	No, Yes
	JTTR 

	
	Damaged femoral arteries
	No, Yes
	JTTR 

	Intermediate (Injured body regions)
	Chest injury
	Mild, Moderate, Severe
	JTTR 

	
	Abdomen injury
	Mild, Moderate, Severe
	JTTR 

	
	Pelvis injury
	Mild, Moderate, Severe
	JTTR 

	
	Upper limb injury
	Mild, Moderate, Severe
	JTTR 

	
	Lower limb injury
	Mild, Moderate, Severe
	JTTR 

	Bleeding fragment

	Input (Perfusion measures)
	Heart rate
	Numerical
	TIC-BN

	
	Systolic blood pressure
	Numerical
	TIC-BN

	
	Glasgow Coma Score (GCS)
	Low, Medium, High
	TIC-BN

	Intermediate (Bleeding body regions)
	Bleeding chest
	Mild, Moderate, Severe
	JTTR

	
	Bleeding abdomen
	Mild, Moderate, Severe
	JTTR

	
	Bleeding pelvis
	Mild, Moderate, Severe
	JTTR

	
	Bleeding upper limb
	Mild, Moderate, Severe
	JTTR

	
	Bleeding lower limb
	Mild, Moderate, Severe
	JTTR

	
	Bleeding junctional
	Mild, Moderate, Severe
	JTTR

	
	Perfusion
	None, Compensated, Uncompensated
	TIC-BN

	Output fragment

	Intermediate (Bleeding severity)
	Non-compressible bleeding
	Low, Medium High, Very High
	JTTR

	
	Compressible bleeding
	Low, Medium High, Very High
	JTTR

	
	Bleeding severity
	Low, Medium High, Very High
	Rule-based

	Output
	Volume of pRBCs in 0-2 hr
	[0-2], [3-6], [7-10], [11-20], [21+]
	DBTD, KL

	
	Volume of pRBCs in 2-6 hr
	None, [1-3], [4-10], [11-20], [21+]
	DBTD, KL

	
	Volume of pRBCs in 6-12 hr
	None, [1-3], [4-10], [10+]
	DBTD, KL

	
	Volume of pRBCs in 12-24 hr
	None, [1-3], [4-10], [10+]
	DBTD, KL


[bookmark: _Ref198216675]
In the data sources, patient injuries in all anatomical body regions are encoded and described using AIS scores and descriptors, indicating presence and severity of all injuries. AIS encoding is done after patient admission and more certain than the prehospital injury assessment. They are used consistently across all data sources, removing subjectivity from injury information. In order to learn the parameters of conditional probabilities between injury, bleeding and outcome variables in the BN, the clinical authors of the paper reviewed the data sources and encoded injury information predictors of the BN using the AIS scores and descriptors for all anatomical body regions. Therefore, for model training the injury information is based on descriptive formalised encoding and not prehospital clinical suspicion. As part of the upcoming AI-TRiPS randomised clinical trial, the trauma decision support which includes the transfusion prediction model will be used based on prehospital assessment of the patient, as it is the intended use case of the model.

The variables in bleeding fragment are encoded by the clinician authors of the paper from the data sources used for model training, as well as learnt from knowledge transfer from previously developed trauma BNs. The intermediate variables in bleeding fragment categorise bleeding severity in each anatomical body region based on consensus between clinician authors’ rule-based reviews of the AIS codes and descriptors in the data sources. The latent variables were labelled based on AIS injury descriptions using two methods: measurement thresholds coming from clinical knowledge and EM clustering on the DAG identified with trauma fragments based on the maximum likelihood estimate of the latent variables. The labels given by the thresholds and the EM clustering then were reviewed by the clinician authors of the paper in case of disagreements.
 


Training and Validation Datasets
The ACIT study is designed to identify the mechanisms by which the body’s coagulation pathways are activated immediately after injury. Adult patients (16 years and older) who come directly to participating Major Trauma Centres, who meet local criteria for activation of the trauma team, are included. Exclusion criteria include arrival in the emergency department more than 2 hours after injury; prehospital administration of more than 2000 ml of intravenous fluid; and burns covering more than 5% of the body’s surface area. Patients are retrospectively excluded if they refuse consent, take anticoagulation medication, have moderate or severe liver disease, or bleeding diathesis. ACIT is an ongoing study; the version of the dataset used in the algorithm training included injury and physiology information for 1368 patients. Demographics of the data is given in Table 3. 

[bookmark: _Ref223356501]Table 4 Summary demographics of civilian data used in training and internal validation
	Data demographics

	Sex
	Frequency
	Percent

	Male
	1108
	0.81

	Female
	260
	0.19

	Age
	Frequency
	Percent

	18-25
	372
	0.27

	26-30
	164
	0.12

	31-55
	557
	0.41

	56-95
	275
	0.20

	Mechanism of injury
	Frequency
	Percent

	Penetrating
	288
	0.21

	Blunt
	1080
	0.79



JTTR dataset contains information on all casualties from military medical facilities in Iraq, Afghanistan, and Birmingham. The data is collected by trained trauma nurse coordinators. The database is managed by the clinical information and exploitation team and administered by the UK defence statistics23. The default entry criterion for UK JTTR is a casualty who triggers trauma team activation in a deployed field hospital or Primary Casualty Receiving Facility afloat (Role 2 Enhanced and Role 3). 
DBTD contains information about military patients in Camp Bastion, Afghanistan from January 2006 to December 201424. The data mainly shows the timeframe of injury, arrival, and administered blood transfusions. The blood transfusion data contains timestamped information on 62,912 units of different blood products transfused in 2957 unique patients. The blood products transfused are pRBCs, fresh frozen plasma, platelets, cryoprecipitate, and in some cases whole blood. DBTD included every blood product processed for every traumatic patient treated in Camp Bastion between January 2006 and December 2014, whether a UK military member, coalition member or civilians who were at the camp.
A subset of JTTR is matched with the transfusion information available in DBTD. The training and internal validation also included injured patients who were in the same location as DBTD data collection but had not been transfused blood. To combat survivorship bias, fatalities before the timeframe for the prediction were excluded: those who died within first two hours are excluded from parameter learning for 0-2 HR node, those who died between the hours two and six are excluded from the 2-6 HR node, and the same for 6-12 HR and 12-24 HR nodes. The resulting dataset for algorithm training and 10-fold cross validation that could be used for all timeframes has the size of 993. Demographics of the data is given in Table 4.
It consists of battlefield injuries of 13,347 patients between 2007-2023. The demographics of the data is summarised in Table 5. The JTS DoDTR data includes transfusion volume only for the first 24 hours following arrival. 2463 (18%) of the patients were transfused at least one unit of blood in the first 24 hours of their stay, with an average of 9.65 units and a median of 6. The transfusion distribution is quite right skewed with a third quartile value of 12 and a maximum value of 142. 
[bookmark: _Ref151125683]The transfusion prediction algorithm is externally validated with a military data source from the United States (US) which had not been used in algorithm training. The external validation data is obtained from US Joint Trauma System (JTS) Department of Defense Trauma Registry (DoDTR). It consists of battlefield injuries of 13,347 patients between 2007-2023. The demographics of the data is summarised in Table 5. The JTS DoDTR data includes transfusion volume only for the first 24 hours following arrival. 2463 (18%) of the patients were transfused at least one unit of blood in the first 24 hours of their stay, with an average of 9.65 units and a median of 6. The transfusion distribution is quite right skewed with a third quartile value of 12 and a maximum value of 142. 
All datasets, as part of their defined data collection structure, captured patient physiology data such as BP or HR at different stages. Military data registry uses Role 1, 2, 3, and 4 to indicate prehospital stages whereas the civilian datasets have the distinction between prehospital and arrival measures.
Data use permissions: Activation of Coagulopathy and Inflammation in Trauma in Trauma Research Ethics Committee-approved ISRCTN12962642; UK Joint Theatre Trauma Registry Data Owner; US Joint Trauma System Data Sharing Agreement 23-3041. The project was registered with the Clinical Effectiveness Unit of Barts Health NHS Trust ID: 13557 Title: Exploitation of Bayesian Networks for Clinical Decision Support on the Battlefield.


[bookmark: _Ref200535913]Table 5 Summary demographics of military data used in training and internal validation
	Data demographics

	Sex
	Frequency
	Percent

	Male
	988
	0.99

	Female
	5
	0.01

	Age
	Frequency
	Percent

	18-25
	615
	0.62

	26-30
	230
	0.23

	31-55
	125
	0.13

	NA
	23
	0.02

	Mechanism of injury
	Frequency
	Percent

	Explosion
	640
	0.64

	Penetrating
	317
	0.32

	Blunt
	36
	0.04

	Status
	Frequency
	Percent

	UK Military
	835
	0.84

	Coalition Military
	158
	0.16

	Civilian
	0
	0.00




[bookmark: _Ref198215118][bookmark: _Ref198215085]Table 6 Summary demographics of external validation data
	Data demographics

	Sex
	Frequency
	Percent

	Male
	12970
	0.97

	Female
	377
	0.03

	Age
	Frequency
	Percent

	18-25
	6680
	0.50

	26-30
	3548
	0.27

	31-60
	3119
	0.23

	Mechanism of injury
	Frequency
	Percent

	Explosion
	7807
	0.58

	Penetrating
	2584
	0.19

	Blunt
	2956
	0.22



Table 7 shows the percentage of missing values for each predictor, in military and civilian datasets used for BN training and cross-validation. Note that the EM algorithm used in training handles missing values without any need of imputation.
Table 7 Missing values analysis for predictors
	
	Total
	Total Missing
N (%)
	Civilian
	Civilian Missing
N (%)
	Military
	Military Missing
N (%)

	MOI
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	Energy
	2361
	114 (4.8%)
	1368
	0 (0.0%)
	993
	114 (11.5%)

	GCS
	2361
	155 (6.6%)
	1368
	20 (1.5%)
	993
	135 (13.6%)

	Pelvic Fracture
	2361
	4 (0.2%)
	1368
	1 (0.1%)
	993
	3 (0.3%)

	LL Fracture
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	UL Fracture
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	UL Amputation
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	LL Amputation
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	LL Vascular Injury
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	UL Vascular Injury
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	Neck Vascular Injury
	2361
	0 (0.0%)
	1368
	0 (0.0%)
	993
	0 (0.0%)

	Flail Chest
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	Chest Bleeding Assessment
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	Rib Fracture
	2361
	1 (0.0%)
	1368
	1 (0.1%)
	993
	0 (0.0%)

	Abdo Bleeding Assessment
	2361
	268 (11.4%)
	1368
	2 (0.1%)
	993
	266 (26.8%)

	Axilla Vascular Injury
	2361
	1368 (57.9%)
	1368
	1368 (100.0%)
	993
	0 (0.0%)

	Groin Vascular Injury
	2361
	1368 (57.9%)
	1368
	1368 (100.0%)
	993
	0 (0.0%)

	HR
	2361
	78 (3.3%)
	1368
	35 (2.6%)
	993
	43 (4.3%)

	SBP
	2361
	139 (5.9%)
	1368
	86 (6.3%)
	993
	53 (5.3%)



The injury information was reviewed and encoded by clinician authors based on the detailed AIS descriptions of patient injury in the original datasets, explaining 0% missing values (except for 1 patient in 2361).
The axilla and groin vascular injury variables were reviewed and encoded only for the military cohort (0% missing as opposed to 100% missing in civilian). Therefore, only the military cohort contributed to the parameter learning of the relevant fragment of the BN structure. The properties of a BN make it possible to learn certain fragments of the model from subsets of the data.
Missing values were analysed further for the mechanism, using the percentage of missing values based on outcomes. Energy, GCS, HR, SBP and Abdominal bleeding assessment predictors have moderate missing values (3-11%), missing more in the military cohort than the civilian. The massive transfusion rate was roughly 2 times higher amongst rows with a missing value than among rows with the value recorded. This can be explained by the nature of traumatic injury: patients who are more physiologically unstable (and therefore more likely to eventually need a massive transfusion) are also the ones for whom a full assessment/vital signs were harder to obtain at the point of care. Therefore, due to the nature of trauma, these variables might be MNAR, which would indicate one should not use simple imputation methods. The advantage of using a BN, as in our work, is that we did not need any imputation, and the EM algorithm is capable of handling this missingness behaviour in learning.


Model validation metrics

In this section we provide full model performance metrics: AUROC, Sensitivity, Specificity, PPV, NPV, Accuracy, F1 Score, LR+, LR-, Diagnostic OR, Brier Score, and Net Benefit, with 95% confidence interval whenever suitable.
Note that these metrics are calculated for the binary outcome of the transfusion model, which loses the full capabilities of the categorised numerical output structure. The outcomes measured here are transfusion requirement in 0-12 hr, transfusion requirement in 12-24 hr and massive transfusion.

Table 8: Performance metrics for binary predictions of 0-12 and 12-24 hr transfusion and massive transfusion
	
	AUROC
	Sensitivity
	Specificity
	PPV
	NPV 
	Accuracy
	F1 Score
	LR+
	LR-
	Diagnostic OR
	Brier Score
	Net Benefit

	0-12 HR
	0.93
[0.92 - 0.94]
	0.82
[0.80 - 0.84]
	0.90
[0.88-0.91]
	0.84
[0.81-0.86]
	0.88
[0.86 - 0.90]
	0.86
	0.83
	7.64
	0.20
	37.82
	0.10
[0.09 - 0.11]
	0.29
[0.27 - 0.31]

	12-24 HR
	0.84
[0.82 - 0.87]
	0.78
[0.73 - 0.82]
	0.77
[0.75-0.79]
	0.35
[0.32 - 0.38]
	0.96
[0.95 - 0.97]
	0.77
	0.48
	3.33
	0.29
	11.45
	0.09
[0.08 - 0.10]
	0.06
[0.05 - 0.07]

	MT
	0.92
[0.90 - 0.93]
	0.90
[0.87 - 0.93]
	0.77
[0.75-0.79]
	0.40
[0.37 - 0.44]
	0.98
[0.97 - 0.98]
	0.79
	0.56
	3.87
	0.13
	29.14
	0.07
[0.07 - 0.08]
	0.10
[0.09 - 0.11]



Missing values were analysed in Supplementary Material Section 4. Here we provide a report on how missingness affects the model performance.
In the training dataset, missingness was concentrated in the military cohort, which also had higher transfusion rates. Patients with missing physiological predictors were more often transfused than those with the value recorded (missing SBP: 81% vs 53% transfused; missing abdominal bleeding assessment: 94% vs 40%).
To identify which variables contribute most to the model's predictions, we analysed the effect of dropping each variable and measuring the variance in binary version of the model outcome that each variable explains. The variables that has the most significant contribution are heart rate, systolic blood pressure, abdominal bleeding assessment, GCS, mechanism of injury and lower limb fracture. Lower limb amputation and lower limb vascular injury were strongly associated with predictions individually, but their contribution became less significant when all predictors were accounted for, because of their overlap with lower limb fracture and physiology. The findings are consistent with the clinical knowledge on trauma that the traumatic outcomes are mainly driven by physiological signs of haemorrhagic shock and non-compressible internal bleeding or major extremity bleeding.

External validation disagreement analysis
In this section we provide an analysis of direction and magnitude of error in the external validation cohort. The error generally comes from overprediction of volume. This is attributed to 82% of the patients who were not transfused. The overprediction here is due to the node state structure of 0-2 HR predictions where expected value by definition is always above zero, as differentiating ‘No transfusion’ and ‘very low (1-2 units) transfusion’ predictions were found not to bring in clinical utility in 0-2 HR timeframe. Expected value for this timeframe cannot reach zero even when the model gives a very high probability to little or no transfusion, which in practice gives the desired decision support direction. For the non-transfused patients, the model gave an average of 77% probability to the lowest risk category (0-2 units) in the first two hours.
Amongst those who did receive transfusion, the model was close to unbiased on average with the mean error of 0.9 units (95% CI 0.5 – 1.4). The direction of the error depended on the transfused volume, with predictions compressed towards the middle of the range: patients who received 1-6 units were overpredicted; patients who received 7-10 units were mostly accurate; patients who received 11-20 units were modestly underpredicted; and patients who received more than 20 units were substantially underpredicted. The mean observed transfusion increased steadily with increases in predicted volume, indicating that the model ranks patients correctly. The results remain similar when patients who died within 24 hours were excluded from analysis (survivor n = 13,059, with a mean error of 1.4 amongst transfused patients).

Scenario Analysis 
Participating nine clinicians are given 25 trauma patient archetypes, varying by clinical scenario and severity of injury. Table 6 shows these scenarios together with the expected values of algorithm predictions for four timeframes. Figure 1 shows clinician agreement on 1-5 Likert scale for all scenarios.

[bookmark: _Ref223431863]Table 9 Patient scenarios that are given to clinicians with algorithm predictions
	Scenario Description
	Expected value of prediction

	
	0-2
hr
	2-6
hr
	6-12
hr
	12-24
hr

	Scenario 1 – A 75-year-old patient is admitted following a fall at home in the bathroom.
	
	
	
	

	1a
	They hit their chest on the side of the bath sustaining multiple rib fractures. GCS 15, HR 68, SBP 130.
	0.1
	0.1
	0
	0.1

	1b
	As above but the patient has also sustained a left humerus fracture and a left acetabular fracture.
	0.5
	0.3
	0.1
	0.2

	1c
	The patient is somewhat more severely injured with a head injury and a reduced GCS of 12, they are slightly more tachycardic (HR 85) but normotensive (sBP130).
	0.6
	0.3
	0.2
	0.1

	1d
	The injuries are more severe with additional findings of a haemothorax and increased tachycardia (HR 115) and hypotension (SBP 105) with a GCS of 8.
	7.6
	4.1
	1.7
	1.4

	1e
	The patient has an additional grade 3 splenic laceration with free intra-abdominal fluid. The tachycardia is more profound (HR 135) as is the hypotension (SBP 91).
	8.4
	4.5
	1.9
	1.2

	Scenario 2 – A 25-year-old patient sustains 2 stab wounds to the epigastrium.
	
	
	
	

	2a
	The wounds are superficial, no thoracic or fascial breach is found. The patient is haemodynamically normal (HR 88, SBP 130) with a normal GCS (15).
	0.3
	0.2
	0.1
	0.1

	2b
	As above but there is an additional stab wound to the forearm with active arterial bleeding, they have a heart rate of 95 and a SBP of 110.
	4
	2
	0.9
	0.8

	2c
	The patient is more severely injured with the epigastric stab wound having breached the peritoneum and free fluid noted in abdomen, HR 105, SBP 105.
	4.4
	2.3
	1
	1.5

	2d
	The injuries are more severe with additional findings of a haemothorax and increased tachycardia (HR 120) and hypotension (SBP 95) with a GCS of 14.
	4.1
	2
	1
	3.2

	2e
	The patient has an additional axillary stab wound with free intra-abdominal fluid. The tachycardia is more profound (HR 140) as is the hypotension (SBP 80) and a GCS of 9.
	4.2
	2
	1
	3.1

	Scenario 3 – A 40-year-old patient falls 5 metres from a balcony, whilst working.
	
	
	
	

	3a
	They have an angulated tibia + fibula fracture with tenting of the skin and a fractured humerus. GCS 15, HR 80, SBP 140.
	0.7
	0.3
	0.2
	0.2

	3b
	The injuries are more severe - He has an open tibia + fibula fracture, a stable pelvic fracture and a fractured humerus. GCS 15, HR 99, SBP 120.
	1.7
	0.8
	0.4
	0.5

	3c
	As above but the open lower limb fracture has a tense haematoma and a cool distal foot. He has also sustained multiple rib fractures. GCS 15, HR 110, SBP 120.
	4.7
	2.3
	1
	1.4

	3d
	The patient is more severely injured with an additional Head injury GCS 12, Multiple rib fractures and a haemothorax. HR 110, SBP 100.
	7.3
	3.7
	1.6
	1.8

	3e
	The injuries are more severe with additional findings of the open lower limb fracture with severe soft degloving soft tissue injury and is amputated, there is free fluid in the abdomen and bilateral haemopneumothoraces. increased tachycardia (HR 140) and hypotension (SBP 90) with a GCS of 6.
	11.7
	6.4
	2.5
	1.9

	Scenario 4 – A 55-year-old patient is involved in a car vs car road traffic collision.
	
	
	
	

	4a
	Restrained passenger at 20mph, they clinically have a fractured arm. HR 67, SBP 126, GCS 15.
	0.2
	0.1
	0.1
	0.1

	4b
	As above but the patient was unrestrained and has additionally sustained a head injury with reduced GCS of 12. HR 55, SBP 140.
	0.1
	0.1
	0
	0

	4c
	This time the RTC is at much higher speed, the restrained patient sustains, a forearm fracture and a stable pelvic fracture. HR 65, SBP 125, GCS 15.
	0.4
	0.2
	0.1
	0.1

	4d
	As above but the patient is unrestrained, and they have sustained an unstable pelvic fracture with evidence of free abdominal fluid as well as a fractured arm. HR 97, SBP 108, GCS 14.
	4.5
	2.3
	1
	0.6

	4e
	As above but the patient has a significant head injury with reduced GCS as well as multiple rib fractures. HR 97 SBP 108, GCS 8.
	6.9
	3.7
	1.6
	1.1

	Scenario 5 – A pedestrian is struck by a cyclist.
	
	
	
	

	5a
	23-year-old struck by a cyclist at traffic lights, sustains abrasions to left side with a fracture of left leg. HR 80, sBP120.
	0.5
	0.2
	0.1
	0.1

	5b
	As above but the patient is older 82, they are confused with a GCS of 14.
	0.5
	0.2
	0.1
	0.1

	5c
	A 23-year-old is hit by a car at ~25mph, bullseye to wind screen, they have sustained an open left lower leg fracture with multiple rip fractures and a head injury. HR 88, SBP 115, GCS 11.
	0.7
	0.3
	0.2
	0.1

	5d
	As above but the car is travelling at 50mph, they additionally sustain a grade 2 splenic laceration and grade 3 liver laceration, they are tachycardic (HR 125) and hypotensive (SBP 97) with a GCS of 11.
	6.4
	3.2
	1.4
	0.8

	5e
	A 23-year-old falls in front of an underground train, they have a head injury GCS of 3, HR 153, and SBP 73. They have sustained multiple rib fractures with a haemothorax, they have a traumatic amputation of the left lower limb. They have an unstable pelvic fracture with visible bruising in the left groin.
	14.5
	8.1
	3.2
	2.1



Possible outcomes for each scenario are defined as following:
Pass: the agreement of experts outweighs the disagreement; the number of agreements exceeds the number of disagreements. 
Review: the number of agreements does not exceed the number of disagreements. In this case, the expert comments are reviewed and the cause of disagreement is determined. If this is deemed as risk for use of algorithm in patient care, review leads to a Fail, otherwise review leads to a Pass.
Fail: there is a common disagreement amongst experts with no agreements given.
[image: ]
[bookmark: _Ref225856176]Figure 1 Expert responses for algorithm prediction scenario analysis

Clinician comments in detail in case of disagreements as follows:
Scenario 1c, medical expert 5 – “the transfusion risk may be higher. This type of patient will fairly often need transfusion during a neurosurgical procedure if they have an intracranial haemorrhage.”
Scenario 2b, medical expert 7 – “With treatment / compression I do not think they would receive as much blood transfused as the model predicts.”
Scenario 2d, medical expert 4 – “Unclear where the increase in later product requirements would arise from, I think overall the volume is in keeping with what I would expect for the first 24 hours though.”
Scenario 2d, medical expert 9 – “With blood in two cavities and shock I think the blood predictions are low compared to scenario 2C.”
Scenario 2e, medical expert 1 – “I don't know what's happening with the blood transfusion risk here. Because now there are 4 potential sites of bleeding (forearm, epigastrium, chest, and axilla), and the blood transfusion requirement risk has not really changed in the last 3 scenarios. May need looking into regarding accumulated blood loss from multiple vascular injuries.”
Scenario 2e, medical expert 2 – “I would expect to have to transfuse a bit more blood (haemothorax, peritoneal blood, and a junctional arterial injury)”
Scenario 2e, medical expert 4 – “this is now a young patient with multiple bleeding sources, with a difficult junctional vascular injury, in shock. This would near certainly be a Code Red and I would expect to get to Pack B fairly quickly with a trip to theatre pre-CT, so easily 6-8 units in 0-2 hrs.”
Scenario 2e, medical expert 7 – “Expect higher blood product transfusion requirements in earlier phase of resuscitation.”
Scenario 2e, medical expert 8 – “Would he require more volume in the 2-6 hour period e.g. intra-operatively?”
Scenario 2e, medical expert 9 – “I don’t think blood transfusion prediction has increased enough to account for all the different bleeding injuries. In my hands this man would bleed more!!”
Scenario 3b, medical expert 4 – “I wouldn't give blood for current picture but 2 units overall not unreasonable or unrealistic.”
Scenario 3b, medical expert 7 – “Unlikely to require blood product transfusion.”
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