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1. The existing laboratory blood culture pathway in secondary healthcare, and factors/barriers which influence diagnostic performance

	Phase of laboratory process
	Barrier
	Comment

	Pre-analytical
	Volume of blood inoculation 
	Sensitivity of blood culture is dependent on the initial inoculation concentration of pathogen. For BSI the concentration of bacteria is typically between 1 to 104 colony forming units / mL, and therefore around 10-20 mL of blood per set is ideally required. Large blood volume sampling can be difficult in specific groups e.g. paediatric and neonatal patients. 

	
	Sample timing
	Intermittent bacteraemia can occur with infections such as abscesses; timing of sampling can affect test sensitivity.

	
	Prior antimicrobial use
	Antimicrobial exposure prior to blood culture sampling can affect the viable concentration of bacteria leading to reduced sensitivity and false negative results.

	
	Aseptic technique for sampling
	Inoculation of skin commensals into the blood culture medium can result in false positive results. This is influenced by healthcare training and staffing factors. Contamination of blood cultures can impact on clinical management and antimicrobial prescribing as early identification is typically limited to the gram stain level and indistinguishable from other pathogenic bacteria.

	
	Fastidious organisms
	Specific bacterial organisms can be slow to grow or grow poorly without specific nutrient supplementation. 

	
	Laboratory access and transport
	Delays to time to incubation after blood culture acquisition, ambient temperature exposure can result in loss in bacteria viability and lower test sensitivity. 

	Analytical
	Culture turn-around time
	Culture and growth to sufficient concentration in ideal conditions typically takes 12-24 hours from start of incubation. Factors including need for subculture and bacterial species can affect incubation period. 

	
	Species identification versus contamination 
	Subculturing methods and identification of contaminated samples affects test interpretation.

	
	Availability of modern incubators and species identification techniques e.g., Matrix-Assisted Laser Desorption/Ionization – Time of Flight (MALDI-TOF) at different timepoints of the blood culture workflow
	Improved yields from blood cultures and reduction in turnaround time to final result reporting. 

	Post-analytical 
	Reporting of results, antimicrobial stewardship
	Availability of pathways to report results to clinician in timely manner, and linkage to stewardship interventions to improve use of antimicrobials and optimise treatment. Data linkage and sharing is particularly important for national or international surveillance systems for BSIs.













2.  Articles describing machine learning-based approaches to predict BSI onset in a hospital setting 
Abstracts were collated through Medline using Medical Subject Headings (MeSH) and Google Scholar using terms: (bacteraemia OR "bloodstream infection" OR "BSI") AND prediction AND artificial intelligence; entries between 1996 to 2022 were included. 
MLP: multilayer perceptron; RF: random forest; SVM: support vector machines; AUROC: area under the receiver operator curve

	Author
	Algorithm(s)
	Features included in model
	Approach
	Population
	Performance
	Comment

	Lee et al., 2019 [1]
	Range of algorithms including Naïve Bayes, MLP, RF, SVM
	20 features including: Demographics, laboratory measurements, antibiotic use, hospital stay, vital signs
	Prediction of blood culture using clinical features measured within 72 hours before blood culture.
	Retrospective data from 1,260 hospitalised adult patients with BSI (13,402 admitted patients) in South Korea between 2008 and 2012
	AUROC 0.73 in hold-out set testing of 210 patients
	The handling of repeated measurements and the time-series dependency of data was not explicit in the manuscript. 

Antibiotic use as a feature variable in model could be confounder.

	Roimi et al., 2020 [2]
	RF and gradient boosting
	Demographics, medication, vital signs, laboratory values, antibiotic treatment, presence of lines, duration of stay, clinical features including bowel frequency  
	Prediction of BSI using features available from ICU admission until sampling time of blood culture. 

Feature variables were summarised as minimum, maximum, median and 25th/75th percentiles and rate of change. 

Models were developed using MIMIC III data and externally validated in another centre
	Retrospective data from 313 adult patients with BSI (1021 admitted patients) hospitalised in intensive care in US and Israel 
	AUROC of 0.89 in hold-out set
	Antibiotic use as a feature variable in model could be confounder. 

Requires a large number of clinical features which require assessment.

	Park et al., 2020[3]
	RNN
	Demographic data, ICD-10 codes, operative details incl. transfusion volume, spirometry, vital signs, laboratory results
	Prediction of BSI at different time steps between 8 and 24 hours prior to positive culture
	Retrospective data from 720 adult patients with BSI (36,023 admitted patients) who had undergone surgery in South Korea
	Model performance of AUROC 0.96 to predict BSI 8 hours prior to onset.
	Methods to generate training / validation / test sets from the cohort are not mentioned in the text as results not reported according to TRIPOD criteria.

	Bhavani et al., 2020 [4]
	Gradient boosting
	Demographic, vital signs, laboratory, culture history between admission and time of blood culture summarised as maximum and minimum where appropriate.
	Prediction of BSI positivity using prior data.
	Retrospective data from 76,688 adult patients of which 19,527 blood culture days positive for BSI in a US hospital.
	AURUC 0.78 in the 20% validation cohort. External validation in another institution showed a AUROC of 0.73.
	Done for patients across settings – Emergency department, wards and intensive care

	Mahmoud et al., 2021 [5]
	Neural network
	Demographics, clinical features, antibiotic use, vital signs, SIRS, qSOFA scores
	Prediction of blood culture positivity. 
	Retrospective data for 4,242 adults >14 years old with BSI hospitalised between 2017 and 2019 in a Saudi Arabia.
	AUROC of 0.53 reported – with an accuracy of 0.82 
	Imbalanced problem as only 6.6% had positive cultures – leading to high accuracy but final model performed only slightly better than chance (AUROC 0.53). 

Hold out or validation test set results unclear. 

Antibiotic use as a feature variable in model could be confounder. 

	Pai et al., 2021 [6]
	XGBoost, SVM, MLP, RF, Logistic regression
	Feature window between 7 days and 24h hours prior to the blood culture collection timeframe included. Thirty-two features including demographics, vital signs, laboratory data and clinical information including day of admission, APACHE II scoring, presence of central line and urinary catheter used.
	Prediction of pathogenic BSI using 
	Retrospective data from 1,478 episodes of bloodstream infections from 4275 hospitalised patients in an intensive care unit in Taiwan between 2015 and 2019
	AUROC of 0.82 in hold out test set of 1,006 patients
	The handling of repeated measurements and the time-series dependency of data was not mentioned in manuscript text. 


	Boner et al., 2022 [7]
	RNN and CNN
	Use of 1-hourly timesteps up to 48 hours prior to blood culture sampling. In total 33 features laboratory and vital signs features included. 
	Prediction of positive blood cultures using a time-series approach.
	Retrospective data from 3,969 patients admitted to intensive care and 4,582 blood culture episodes between 2011 and 2015. 
	AUROC of 0.84 on hold out test set of 655 episodes of blood cultures.
	Unclear if positive blood culture outcome definition included only pathogenic results, or contaminants as well. 


	Lee et al., 2022 [8]
	MLP and gradient boosting
	Use of 34 clinical variables including age, sex, vital signs and laboratory values at 12 or 24 hours before blood culture acquisition 
	Prediction of pathogenic BSI
	Retrospective data from 38,752 episodes of BSI in adult hospitalised inpatients in Korea between 2007 and 2018
	AUROC of 0.76 on hold out test set
	Handling of time-series dependency of data not mentioned in manuscript text – mention of merge hour suggest that these data series were summarised. 

	Choi et al., 2022 [9]
	XGBoost, RF
	Demographics, clinical features and symptoms, vital signs, laboratory findings summarised as initial values, minimum and maximum
	Presence of pathogenic BSI 
	Retrospective data from 2,654 adult patients with BSI (24,768 patients total) attending emergency room with at least 2 sets of blood cultures between 2016 and 2018 in South Korea.
	AUROC of 0.72 in hold out test set in 8,571 patients 
	Application for acute emergency department presentations.

	Goh et al., 2022 [10]
	SVM, RF
	Data available in the emergency department including demographics, comorbidities, vital signs at triage and laboratory data transformed as categorical variables
	Prediction of pathogenic BSI 
	Retrospective data from 4,058 adult patients with pathogenic BSI (40,395 total) attending the emergency department study between 2015 and 2019 in Taiwan.
	AUROC of 0.73
	Application for acute emergency department presentations.




3. TRIPOD checklist for prediction model validation

	Section/Topic
	Item
	Checklist Item
	Page

	Title and abstract

	Title
	1
	Identify the study as developing and/or validating a multivariable prediction model, the target population, and the outcome to be predicted.
	1

	Abstract
	2
	Provide a summary of objectives, study design, setting, participants, sample size, predictors, outcome, statistical analysis, results, and conclusions.
	2

	Introduction

	Background and objectives
	3a
	Explain the medical context (including whether diagnostic or prognostic) and rationale for developing or validating the multivariable prediction model, including references to existing models.
	4

	
	3b
	Specify the objectives, including whether the study describes the development or validation of the model or both.
	5

	Methods

	Source of data
	4a
	Describe the study design or source of data (e.g., randomized trial, cohort, or registry data), separately for the development and validation data sets, if applicable.
	5

	
	4b
	Specify the key study dates, including start of accrual; end of accrual; and, if applicable, end of follow-up. 
	5

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

	
	5b
	Describe eligibility criteria for participants. 
	5

	
	5c
	Give details of treatments received, if relevant. 
	5

	Outcome
	6a
	Clearly define the outcome that is predicted by the prediction model, including how and when assessed. 
	6

	
	6b
	Report any actions to blind assessment of the outcome to be predicted. 
	n/a

	Predictors
	7a
	Clearly define all predictors used in developing or validating the multivariable prediction model, including how and when they were measured.
	 Supp.

	
	7b
	Report any actions to blind assessment of predictors for the outcome and other predictors. 
	n/a

	Sample size
	8
	Explain how the study size was arrived at.
	5

	Missing data
	9
	Describe how missing data were handled (e.g., complete-case analysis, single imputation, multiple imputation) with details of any imputation method. 
	Supp

	Statistical analysis methods
	10c
	For validation, describe how the predictions were calculated. 
	7

	
	10d
	Specify all measures used to assess model performance and, if relevant, to compare multiple models. 
	7

	
	10e
	Describe any model updating (e.g., recalibration) arising from the validation, if done.
	n/a

	Risk groups
	11
	Provide details on how risk groups were created, if done. 
	n/a

	Development vs. validation
	12
	For validation, identify any differences from the development data in setting, eligibility criteria, outcome, and predictors. 
	n/a

	Results

	Participants
	13a
	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. 
	n/a

	
	13b
	Describe the characteristics of the participants (basic demographics, clinical features, available predictors), including the number of participants with missing data for predictors and outcome. 
	9

	
	13c
	For validation, show a comparison with the development data of the distribution of important variables (demographics, predictors and outcome). 
	9

	Model performance
	16
	Report performance measures (with CIs) for the prediction model.
	9-11

	Model-updating
	17
	If done, report the results from any model updating (i.e., model specification, model performance).
	n/a

	Discussion

	Limitations
	18
	Discuss any limitations of the study (such as nonrepresentative sample, few events per predictor, missing data). 
	13

	Interpretation
	19a
	For validation, discuss the results with reference to performance in the development data, and any other validation data. 
	12

	
	19b
	Give an overall interpretation of the results, considering objectives, limitations, results from similar studies, and other relevant evidence. 
	12

	Implications
	20
	Discuss the potential clinical use of the model and implications for future research. 
	12

	Other information

	Supplementary information
	21
	Provide information about the availability of supplementary resources, such as study protocol, Web calculator, and data sets. 
	Supp

	Funding
	22
	Give the source of funding and the role of the funders for the present study. 
	15





4.  Feature sets and feature selection
Model features included were based on data availability with emphasis that information included should be routinely-collected and available as part of hospital clinical care.  
All features which were extracted from electronic health records are shown in table 4 and the final set of 24 features used in the LSTM and logistic regression models in table 5. 
Feature selection was done according using different combinations of blood biomarker panels an iterative fashion. A 5-fold cross validation approach examining different combinations of features was used. 
Features extracted from health records:
	Point of care blood gas analysis:
· Blood pH 
· pO2
· pCO2
· HCO3
· Ward Ionised Ca
· Oxygen saturation (sO2)
· Venous lactate
· Glucose
· Carboxyhaemoglobin level
· Methaemoglobin level

	Full blood count:
· Haemoglobin
· White blood cell count, blood
· Platelets
· Mean cell volume, blood
· Mean cell haemoglobin concentration
· Mean cell haemoglobin level
· Red blood cell count
· Red blood cell distribution width
· Neutrophil count
· Lymphocyte count
· Monocyte count
· Eosinophil count
· Basophil count
· Mean platelet volume, blood
· Nucleated RBC count


	Biochemistry:
· Sodium
· Potassium
· Creatinine
· Urea
· Chloride
· Albumin
· Alkaline Phosphatase
· Alaine Transaminase
· Bilirubin
· Total Protein
· Globulin
· Point of care glucose
· Magnesium
	Inflammatory:
· C-Reactive Protein
· Procalcitonin
· D-Dimer
· Ferritin

	Coagulation: 
· Activated Partial Thromboplastin Clotting Time (APTT)
· Prothrombin time
· Fibrinogen

	Demographics:
· Sex
· Age



Feature selection was done on a basis of data availability, expert opinion (biological plausibility) and deep learning training methods to minimise overfitting. We iteratively compared the performance when different profiles were included through 5-fold cross validation of the training set alone, using AUPRC and AUROC as metrics. 
Feature selection through 5-fold cross validation

	Panel
	Features
	AUROC
	AUPRC

	1
	Demographics and full blood count 
	0.90
	0.67

	2
	Demographics, full blood count, biochemistry (renal profile and liver function)
	0.91
	0.71

	3
	Demographics, full blood count, biochemistry (renal profile, liver function and C-reactive protein)
	0.92
	0.73

	4
	Demographics, full blood count, biochemistry (renal profile, liver function, C-reactive protein and lactate) and coagulation
	0.92
	0.74



Final features which were included in models after feature selection:
	Point of care blood gas analysis:
· Venous Lactate

	Full blood count:
· Haemoglobin
· White blood cell count, blood
· Platelets
· Mean cell volume, blood
· Neutrophil count
· Lymphocyte count
· Eosinophil count


	Biochemistry:
· Sodium
· Potassium
· Creatinine
· Urea
· Total Protein
· Bilirubin
· Albumin
· Alanine Transaminase
· Alkaline Phosphatase
· Venous glucose
	Biochemistry (Inflammatory):
· C-Reactive Protein
· D-Dimer
· Ferritin

	Coagulation: 
· Fibrinogen

	Demographics:
· Sex
· Age





5. Missing data description and handling
For each patient, demographic data and blood biomarker features up to 14 days before the date of blood culture acquisition where available were extracted. A last observation carried forward (LOCF) strategy was used for initial imputation of missing values. 
The distribution of missing data by each feature before, and after LOCF is as follows:
	 
	Before LOCF
	After LOCF

	D-Dimer
	97.83
	97.07

	Ferritin
	97.46
	95.60

	Lactate
	96.94
	95.42

	Glucose (Point of care)
	95.95
	93.50

	Fibrinogen
	95.16
	90.38

	Alanine Transaminase
	90.00
	85.27

	Total Protein
	89.90
	85.09

	Bilirubin
	89.61
	84.83

	Albumin
	88.72
	84.02

	Alkaline Phosphatase
	88.70
	84.02

	Eosinophil
	87.20
	82.50

	Lymphocyte
	87.11
	86.45

	Neutrophil
	87.11
	82.45

	Potassium
	87.02
	82.64

	C-Reactive Protein
	86.90
	82.75

	Urea
	86.76
	82.55

	Sodium
	86.75
	82.50

	White cell count
	86.75
	82.32

	Creatinine
	86.73
	82.49

	Platelet count
	86.69
	82.35

	Haemoglobin
	86.63
	82.31

	SARS CoV-2 RNA
	25.00
	25.00




















The pattern of missing data was not missing at random (NMAR): for example, there were significant differences in results in the availability of features on day 0 between pathogenic and non-pathogenic observations: 80% vs 12% respectively, p<0.001. 
The table below shows the proportion of missing data by feature category for: i) all patients, ii) hospital-acquired BSI cohort as defined in the methods section.
Description of missing feature values by blood panel
	
	All patients missing values n=20,850 (%)
	Hospital-acquired BSI missing values n = 4,697 (%) 

	Panel
	Before LOCF
	After LOCF
	Before LOCF 
	After LOCF

	Demographics
	0.0
	0.0
	0.0
	0.0

	Full blood count
	86.6
	82.0
	44.1
	27.0

	Biochemistry
	86.7
	82.4
	44.5
	27.7

	Inflammatory
	86.9
	82.7
	45.1
	28.7

	Coagulation
	94.0
	90.4
	75.2
	60.4

	Venous lactate
	96.9
	95.4
	87.1
	81



Missing values were then masked through zero-imputation. The mean proportion of missing data (out of 24 features per timestep) is shown in figure 1
The distribution of the mean number of missing features post LOCF per timestep:
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6. Final model hyperparameters, and model calibration 
The LSTM model was tuned using Bayesian optimisation from KerasTuner with the aim of maximising AUROC in the validation set of training. 
A model using the Adam optimizer using the default learning rate, batch size of 256 samples, and binary cross entropy as the loss function was used in a network with the following sequential architecture:
1. Masking layer
2. LSTM – size 100 
3. Dropout = 0.2
4. Batch normalisation layer
5. LSTM – size 100 
6. Dense – 1 with sigmoid activation function
A confusion matrix of the baseline LSTM model for all patients on the hold out test set for all patients and the hospital-acquired BSI cohort are as follows:
----
Confusion matrix for the hold out test set – all patients (n= 5,638); AUROC = 0.97
	
	
	
	

	Actual
	non-BSI
	4821
	343

	
	pathogenic
	18
	456

	
	
	non-BSI
	pathogenic BSI

	
	
	Predicted


----
Confusion matrix for the hold out test set - hospital-acquired BSI (n= 452); AUROC = 0.65
	
	
	
	
	
	

	Actual
	non-BSI
	122
	78
	
	

	
	pathogenic
	92
	160
	
	

	
	
	non-BSI
	pathogenic BSI
	
	

	
	
	Predicted
	
	





The calibration curve for the LSTM model compared against perfect calibration applied to the hold out test set is shown in figure 2; with a Brier score of 0.035.
Calibration curve for LSTM model for hold out test set:
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7. Sensitivity analyses 

a) Prospective analysis through a rolling window approach 
To characterise heterogeneity in prospective performance of the baseline LSTM model, a rolling window evaluation in which the model was evaluated against observations collected within a two-month period was done:
Table: A rolling window prospective evaluation of baseline LSTM model showing two-month date ranges, number of patients included and class imbalance. 

	Start date
	End date
	N
	Pathogenic (%)
	AUROC
	AUPRC
	PPV
	NPV

	01/03/2021
	01/05/2021
	214
	57.0%
	0.70
	0.75
	0.79
	0.55

	01/04/2021
	01/06/2021
	845
	12.1%
	0.95
	0.64
	0.52
	0.99

	01/05/2021
	01/07/2021
	1,736
	7.1%
	0.98
	0.62
	0.55
	1.00

	01/06/2021
	01/08/2021
	2,155
	6.3%
	0.98
	0.62
	0.57
	1.00

	01/07/2021
	01/09/2021
	2,315
	6.2%
	0.98
	0.61
	0.56
	1.00

	01/08/2021
	01/10/2021
	2,229
	6.6%
	0.98
	0.64
	0.56
	1.00

	01/09/2021
	01/11/2021
	1,377
	6.2%
	0.98
	0.68
	0.55
	1.00

	01/10/2021
	01/12/2021
	299
	7.7%
	0.71
	0.75
	0.58
	1.00



AUROC: area under the receiver operator curve
AUPRC: area under the precision recall curve
PPV: positive predictive value
NPV: negative predictive value



b) Evaluation of dataset 2 alone

All observations between 1st January 2020 and 1st December 2021 (n=16,652; 7.3% pathogenic).
· Training set 1st January 2020 to 14th June 2021(n=12,446; 75%), 
· Hold out test set 15th June 2021 to 1st December 2021 (n=4,206; 25%).

The evaluation metrics on the hold out test set are as follows: AUROC: 0.98, AUPRC 0.69, PPV 0.57, NPV 1.00, sensitivity 0.99 and specificity 0.95. 

The confusion matrix on the hold out test set is shown below:


	Actual
	non-BSI
	3725
	205

	
	pathogenic
	4
	272

	
	
	non-BSI
	pathogenic BSI

	
	
	Predicted





c) Sensitivity analysis on model performance in terms of 5-fold cross validation when applied earlier where prediction timepoint 0 represents the day of blood culture acquisition. For each successively earlier timepoint, the length of the feature window was also shortened. A sub analysis was performed for the hospital-acquired BSI cohort.

	Cohort
	Prediction timepoint in days
	Length of feature window
	AUROC (IQR)
	AUPRC (IQR)

	All
	0
	7
	0.92(0.91-0.92)
	0.71 (0.69-0.73)

	
	-1
	6
	0.89 (0.89-0.89)
	0.73 (0.69-0.74)

	
	-2
	5
	0.86 (0.86-0.87)
	0.67 (0.66 - 0.67)

	
	-3
	4
	0.85 (0.85-0.86)
	0.64 (0.63-0.65)

	
	
	
	
	

	Hospital-acquired BSI
	0
	7
	0.75 (0.74 – 0.76)
	0.83 (0.82 – 0.84)

	
	-1
	6
	0.73 (0.73 - 0.73)
	0.81 (0.80-0.81)

	
	-2
	5
	0.70 (0.69 - 0.70)
	0.79 (0.77-0.79)

	
	-3
	4
	0.63 (0.63 - 0.65)
	0.74 (0.72-0.74)





d) Shuffled window analyses

To examine the contribution of biomarker ordering, we shuffled the order of each 7-day window for each observation in the training set randomly; the ordering of the hold out test set was unchanged.

The sequence presented to the model was therefore changed whilst preserving the overall values, with the null hypothesis that sequential information was unimportant. This process was repeated 10 times each with a different permutation. 

The performances of each of the trials were as follows, with a median AUROC of 0.62, (IQR 0.46 – 0.84) and AUPRC of 0.28, (IQR 0.16 – 0.35):


	 
	Test 1
	Test 2
	Test 3
	Test 4
	Test 5
	Test 6
	Test 7
	Test 8
	Test 9
	Test 10

	AUROC
	0.68
	0.91
	0.91
	0.45
	0.85
	0.16
	0.49
	0.21
	0.81
	0.55

	AUPRC
	0.23
	0.36
	0.52
	0.14
	0.47
	0.05
	0.26
	0.05
	0.35
	0.29






e) Shorter window length for the LSTM model

For the baseline LSTM model, impact of changing the preceding feature window size on performance was evaluated. Models were trained on varying sizes of feature windows and performance on hold out test set obtained. 

For the entire cohort (n=20,850) performance metrics of the LSTM model were:

	Window length (days)
	AUROC
	AUPRC
	Sensitivity
	Specificity

	7
	0.97
	0.65
	0.93
	0.98

	3
	0.97
	0.68
	0.99
	0.92

	1
	0.95
	0.64
	0.94
	0.92



For the hospital acquired infection cohort (n=4,697) performance metrics of the LSTM were:

	Window length (days)
	AUROC
	AUPRC
	Sensitivity
	Specificity

	7
	0.64
	0.66
	0.54
	0.71

	3
	0.63
	0.65
	0.61
	0.64

	1
	0.61
	0.64
	0.53
	0.69





f) Multilayer perceptron model (MLP)

The 7-day feature windows were unfolded so that sequential time series information was removed, and the data used to train a MLP model with 2 layers. The model was then used to evaluate performance on the hold out test set. 

Results between LSTM and MLP were similar when the entire cohort (n=20,850) was used for training and evaluation. 

Performance metrics of the MLP model for the hospital-acquired infection cohort (n=4,697) were:


	Approach
	Window length (days)
	AUROC
	AUPRC

	MLP
	7
	0.61
	0.63

	 
	3
	0.62
	0.63

	LSTM
	7
	0.64
	0.66

	 
	3
	0.65
	0.68











8) SHAP summary plot

SHAP analyses were done for the hold-out test set (n=5,638) and a random sample of the training set (n=3,000). 

The overall feature importance and magnitude of the top 8 values are shown below. Male sex was encoded as 0 (low) and female encoded as 1 (high).
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