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H I G H L I G H T S

• Novel framework with standards-based, EHR-agnostic design for high interoperability.

• Flexible CDSS providing early ML-alerts integrated into clinical workflows.

• Deployed on hospital side servers to fully preserve data privacy.

• Operating in real time across two hospital settings.
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A B S T R A C T

Recent research has increasingly focused on machine learning (ML) models for early disease prediction, 

yet practical frameworks for integrating these models into clinical workflows remain limited. BIAlert is a 

microservices-based framework designed to operate as a real-time early-warning system for ML-driven disease 

prediction in hospitalised patients. It can be deployed remotely on physical or virtual servers and is composed 

of coupled microservices that communicate through Apache Kafka queues, using HL7 FHIR resources as the 

message format. The system comprises four core components: (1) the Connector, which ingests raw hospital 

data and converts it into standardised healthcare formats; (2) the Writer, which stores FHIR-formatted data in 

an internal database and triggers the prediction pipeline; (3) the Predictor, which hosts ML models and gen­

erates patient-specific alerts; and (4) the Model Evaluator, which supports prospective monitoring of model 

performance. Alerts are displayed through the BIAlert user interface and can also be integrated directly into 

the electronic health record (EHR). BIAlert is currently deployed and operating in real-time clinical settings in 

two hospitals, demonstrating its feasibility as a scalable and interoperable solution for ML-based clinical decision 

support.

1 . Introduction

Intervening in health issues at an initial stage often leads to better 

prognoses and reduced complications. Sepsis, a dangerous and complex 

condition resulting from an extreme host response to infection, exem­

plifies the need for early detection and intervention to enhance patient 

outcomes [1,2]. Yet, sepsis is a heterogeneous entity that develops 
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Fig. 1. High-level architecture of BIAlert. Red boxes represent the tool’s microservices, while arrows indicate information flows. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this article.)

gradually and may be difficult to recognise during its preliminary phases 

[3]. To address this, some computerised strategies have been reported 

as valuable by clinical staff [4] and demonstrated their potential to 

decrease patient lengths of stay and direct medical costs [5].

Recently, research has focused on the use of Machine Learning (ML) 

to predict diseases before they become clinically apparent. Its ability 

to find complex, multivariate, non-linear patterns in real examples of 

large historical datasets has shown great accuracy in the prediction of 

cardiac arrests [6], COVID-19-induced respiratory distress [7], or sepsis 

and septic shock [8].

However, integrating ML into healthcare systems requires overcom­

ing several challenges within the software architecture. These include 

ensuring patient privacy, achieving standardisation and interoperabil­

ity, and designing systems that are flexible and maintainable. For these 

reasons, despite the abundance of evidence that ML models may help 

clinical practice, only a small proportion of them has been success­

fully embedded in real-world Clinical Decision Support Systems (CDSS) 

[9,10].

This paper introduces BIAlert (Big-data Intelligent Alerting), a frame­

work built on a microservices architecture [11] that operates as an early 

warning system for the ML-based prediction of diseases in hospitalised 

patients. BIAlert has been carefully designed to overcome some common 

limitations in CDSS reaching production level:

• It is highly parametrisable to adapt to the hospital’s clinical practice 

and operational preferences.

• It relies on medical standards to maximise interoperability and be­

come agnostic to the Electronic Health Records (EHR) system of 

the hospital.

• It is remotely deployed on the hospital’s premises, so that patient 

data never need to leave the hospital and privacy is preserved.

While this work focuses on the architectural scalability of BIAlert, the 

system’s clinical relevance including its impact on ICU admissions and 

length of stay has been preliminarily validated in a previous single-

centre study [12]. In the following sections, the CDSS’s architecture will 

be described together with the experience of its implementation and 

real-world deployment for sepsis prediction in two distinct settings: all 

services in Son Llàtzer Hospital (HSLL) and the Emergency Room (ER) 

service in 12 de Octubre Hospital (H12O).

2 . Materials and methods

2.1 . High-level architecture

2.1.1 . Overview

A diagram of the CDSS’s architecture can be found in Fig. 1. It is 

composed of several microservices that communicate with each other 

through Apache Kafka [13] queues where messages constitute HL7 FHIR 

objects [14].

Lately, microservices-based architectures are replacing traditional 

monolithic approaches [15], as they facilitate scalability and maintain­

ability. In BIAlert, each microservice has its own life cycle, and can 

be developed, debugged, tested and updated in production on its own. 

Other CDSS with microservices-based architectures have been imple­

mented for infectious disease prediction [16,17] or EHR exploitation 

[18].

2.1.2 . Remote deployment and monitoring

The tool is designed to be installed on a physical or virtual server 

within the hospital, although cloud installation is also possible. In this 

way, patient data remains inside the hospital at all times. The instal­

lation, however, is done remotely through secure means, like Virtual 

Private Networks, so that access to the server remains restricted. Then, 

International Journal of Medical Informatics 219 (2026) 106545 

2 



A. Serrano García, D. López, E. Macias-Fassio et al.

Fig. 2. Dummy example of BIAlert’s interface for HSLL and sepsis prediction.

the tool is updated automatically using ArgoCD [19] whenever a new 

version is released, pulling the release through Hypertext Transfer 

Protocol Secure (HTTPS) from a unique, central repository, hosted in 

GitLab [20], without the need to open ports for incoming connections.

BIAlert is monitored in real time using Prometheus and Grafana [21]. 

Operational and performance metrics are continuously collected from 

the diverse microservices and exported through an outgoing connection. 

Such metrics are visualised on dashboards, and alerts are configured to 

indicate issues such as missing input data or poor model performance.

2.1.3 . Connector component

The connector is the component that reads original data from the 

hospital, converts them to match BIAlert’s standard and sends them to 

the writer. BIAlert has an internal catalog that is based on SNOMED CT 

[22], LOINC [23] and ATC [24] standards. As part of the installation 

process, the hospital must fill out the data manifest: a structured map 

where, for each variable in BIAlert, the hospital’s identifier and unit are 

linked. This manifest is used by the connector to standardise and scale 

hospital’s data in an online manner.

Input data are structured, and they consist of demographic variables 

for the patient, together with clinical, analytical, pharmacological and 

microbiological variables. The hospital constantly exports new data from 

its EHR to BIAlert’s server. The information is agreed to follow the HL7 

v2 standard [25], as it is widely adopted and syntactically simple.

2.1.4 . Writer component

The writer receives new standardised data from the connector, stores 

them in an internal relational [26] database and triggers the predictor. 

Such trigger is executed when a patient’s predictor variable has been 

updated. Obviously, this includes the patient’s first measurements upon 

their arrival.

The writer microservice works with FHIR data structures (objects) 

that facilitate transmission efficiency. A hospital could do without the 

connector component if they directly sent standardised FHIR objects to 

the writer’s input queues.

2.1.5 . Predictor component

The predictor is the microservice that embeds the ML model and uses 

it to generate alerts. It gets triggered by the writer when a new prediction 

needs to be made. The predictor fetches the patient’s standardised data 

and predicts their risk of developing the disease in the following hours. 

If this risk is high, an alert is created (or updated if the patient’s last 

prediction was positive as well).

The predictor reads from and writes to the internal database. Thus, 

it exploits both new and historical patient data to make its predictions. 

The details regarding the predictions are also stored in the database.

2.1.6 . Outputs

When an alert is generated, the predictor sends it to the hospital 

through two outputs:

• A credentialed web interface that can be accessed via a browser in­

side the hospital’s network. The interface presents detailed patient 

information and highlights the key features contributing to the 

alert, based on SHAP value explanations [27]. Figs. 2 and 3 show 

example screenshots of the interface, illustrating how clinicians can 

review active alerts and interpret the key variables driving each 

prediction.

• HL7 v2 files on the server where BIAlert is installed. This mech­

anism allows the hospital to read them online and integrate the 

information with their EHR system in a format of their choice. An 

example of integration in the form of EHR pop-ups is displayed in 

Fig. 4.

2.1.7 . Model evaluator component

In ML-based tools where output interpretation is not completely 

straightforward, it is necessary to prospectively monitor the perfor­

mance of the model. Apart from predictive information, the hospital 

also sends validation information for the predictions. These can be diag­

noses or standard diagnostic criteria. Examples of such standard criteria 

for sepsis are sepsis-2 [28] and sepsis-3 [29] definitions.

Said validation information is standardised through the connector 

and stored in the database. The model evaluator microservice fetches 

predictions generated some days before and uses the posterior diagnostic 

information to validate them and calculate model performance metrics. 

These are then exported through the continuous monitoring of the tool.

2.2 . Machine learning models

The BIAlert models are extensions of the work established in [30], 

using custom ensembles of Gradient Boosting-based estimators [31] to 
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Fig. 3. Dummy example of BIAlert’s interface displaying an alert’s most influential predictors.

Fig. 4. Dummy example of the pop-up that appears on HSLL’s EHR system when 

BIAlert generates a sepsis alert. The hospital has enabled a feedback system that 

allows recording answers to alerts in the EHR, which are later also sent to BIAlert 

as diagnostic information.

predict the risk of disease within the next 24 hours in hospitalised pa­

tients. Such architectures natively handle missing values and do not 

require imputation.

Features were derived from 68 structured EHR variables. Data win­

dows were generated dynamically: a new 72-hour window was created 

each time a new batch of clinical observations was recorded for a pa­

tient. For every such update, the most recent value for each of the 68 

variables within the preceding 72 hours was selected. Positive labels 

were assigned to windows followed by a disease diagnosis within the 

subsequent 24 hours. Negative samples corresponded to windows not 

followed by a disease event and where enough data were recorded to en­

sure that disease criteria were not met (see Section 2.4 for an explanation 

of the labelling process). 

Model training and evaluation were performed ensuring that data 

points from one same patient could only be in either the training or 

testing subset to prevent data leakage. Optimal architectures and hyper­

parameters were selected based on global performance and the hospital’s 

specific sensitivity–precision preferences. To address class imbalance, 

ROC-AUC and F-score metrics were favored, and the final deployment 

threshold was determined by maximising the Youden Index on the 

training set [32].

The development of the ML models in BIAlert follows the TRIPOD-

AI reporting guidelines [33] and the methodology is equivalent for all 

models.

2.3 . Real-world deployment

BIAlert was successfully deployed in two settings for patients above 

14 years of age:

• ER and ward services (except for Psychiatry) of Son Llàtzer Hospital 

(HSLL) in Mallorca, Spain.

• ER service of 12 de Octubre Hospital (H12O) in Madrid, Spain.

Each hospital had its particular ML model, trained with its own 

labelled data and its preferred criteria. Table 1 summarises the perfor­

mance metrics obtained during model training. HSLL chose a sensitive 

model based on sepsis-2, while H12O prioritised positive predictive 

value (PPV) and the sepsis-3 definition of sepsis. 

In the Results section, we report the ML performance results for HSLL 

and H12O over a standard four-month period (January 1st to April 30th, 

Table 1 

Training metrics of the ML models deployed in HSLL and 

H12O. Metrics were obtained by averaging the results of 

a 4-fold cross-validation [34]. N represents the total num­

ber of labelled data points that were used to train the 

models. The following row represents the unique patients 

who produced such data points at different moments in 

time. The other metrics are typically used for evaluating 

binary classification models and represent the model’s ac­

curacy, specificity, sensitivity, negative predictive value 

(NPV), positive predictive value (PPV) and area under the 

Receiver Operating Characteristic (ROC) curve (AUC) [32].

HSLL H12O

N 19,045 20,459

Patients, N 10,928 7159

Accuracy, % 89.62 88.99

Specificity, % 84.01 95.04

Sensitivity, % 95.21 69.39

NPV, % 98.48 90.97

PPV, % 61.80 81.15

AUC, % 95.70 93.76
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2025), during which the latest stable version of BIAlert was deployed in 

both hospitals.

2.4 . Sepsis labelling strategies

The labelling strategies described below are applied both for the 

construction of the training dataset and for real-time performance mon­

itoring within the model-evaluator microservice. These methods are 

based on existing literature [35–37] and tailored to each hospital’s 

clinical practice.

The primary ground truth is a structured sepsis confirmation 

recorded in the EHR. If a prediction has been followed by an explicit 

sepsis diagnosis within 24 hours, the data point is labelled as positive. In 

the absence of an explicit confirmation from the EHR, standard criteria 

are used for labelling:

• HSLL: A data point is labelled positive if in its following 24 hours 

the patient has had a suspected or confirmed infection and an 

acute score ≥ 6 on the hospital’s PIMIS system for sepsis-2 [4]. 

Conversely, the data point is labelled as negative only if sufficient 

data have been recorded to confirm the score does not exceed this 

threshold.

• H12O: A data point is labelled positive if in its following 24 hours 

the patient has had a suspected or confirmed infection and an acute 

SOFA score of 2 or more [38]. Again, the data point is labelled as 

negative only if sufficient data have been recorded to confirm the 

score does not exceed this threshold.

• For both environments, a suspected or confirmed infection is de­

fined as the recording of both a blood culture sample and antibiotic 

administration within a ± 2 day window relative to the data point’s 

timestamp [39].

3 . Results

3.1 . Clinical population

Some clinical characteristics of the population processed by the tool 

during the study period can be found in Table 2. On the one hand, the ER 

service of H12O showed a greater patient rotation than the combined ER 

and wards services of HSLL. With respect to the total number of patients, 

approximately 7% of those in H12O’s ER had an alert. In comparison, 

this proportion was higher in HSLL (≈ 19%). Of these patients with alerts 

in HSLL, the vast majority had their first alert generated in the ER service 

(≈ 80%). On the other hand, while both hospitals admitted more women 

than men overall, sepsis alerts were more commonly generated for male 

patients. Finally, patients with sepsis alerts tended to be older than the 

average hospitalised patient in both hospitals.

Table 2 

Demographics of the patients from HSLL and H12O pro­

cessed by BIAlert during the four-month period of the 

study. In H12O, the tool was only deployed for ER, so all 

patients with an alert had their first alert in ER.

HSLL H12O

All patients

N 17,214 54,159

Women, N (%) 9452 (55) 31,148 (58)

Age, mean (SD) 53 (21) 48 (21)

Patients with alert

N 3328 3834

Women, N (%) 1639 (49) 1781 (46)

Age, mean (SD) 63 (21) 68 (21)

Patients with 1st alert in ER

N 2666 3834

Women, N (%) 1277 (48) 1781 (46)

Age, mean (SD) 63 (21) 68 (21)

Table 3 

Operational metrics during the study period, 

consisting of counts of observations received 

and processed from the hospitals and predic­

tions generated by the tool.

HSLL H12O

N◦ of observations 1,739,347 1,696,002

N◦ of predictions 343,293 253,867

Table 4 

Alert dynamics during the study period, consisting of total numbers of positive 

predictions, numbers of new alerts among the positive predictions, positive pre­

dictions per patient, new alerts per day and hours between patient admission 

and a patient’s first alert.

HSLL H12O

All ER Wards ER

N◦ of positive predictions 67,941 21,879 46,062 29,844

N◦ of new alerts 3874 2338 1536 4312

Positive predictions P.P., median (IQR) 9 (21) 5 (9) 8 (17) 6 (8)

Alerts per day, median (IQR) 27 (8) 20.5 (7) 6 (4) 31 (10.5)

Hours to 1st alert, median (IQR) 3 (9) 1 (3) 32 (86) 3 (6)

3.2 . Operational performance

Table 3 displays some counts related to BIAlert’s operation in both 

HSLL and H12O settings during the study. We define an observation 

as any time-stamped structured clinical entry in the EHR – such as 

vital signs, laboratory results, pharmacological prescriptions, logistical 

updates, or diagnoses – that is transmitted to BIAlert’s connector.

Predictions are triggered whenever any patient observation corre­

sponding to a predictor variable is recorded. They may result in a new 

alert, an alert update if the patient had a previous alert, or in no alert 

if no risk of the disease is estimated by the ML model. In HSLL, ≈ 1, 7
million observations from 17, 214 patients produced 343, 293 predictions, 

while in H12O ≈ 1, 7 million observations from 54, 159 patients produced 

253, 867 predictions.

3.3 . Alert dynamics

Table 4 shows that positive predictions accounted for approximately 

19.8% of all predictions at HSLL and 11.8% at H12O. Regarding alert 

dynamics, 6% of daily positive predictions at HSLL corresponded to first 

alerts in previously non-alerted patients, whereas approximately 14% 

represented new alerts at H12O. The remaining positive predictions 

consisted of alert updates. The median number of positive predictions 

(initial alerts or updates) per patient was 9 at HSLL and 6 at H12O; HSLL 

exhibited a higher frequency of patients with more positive predictions. 

Detailed histograms of positive predictions per patient are provided in 

Fig. A.5 (Appendix A).

The alert burden was comparable across both sites, with a me­

dian of 27 alerts per day at HSLL and 31 at H12O. While medians 

were similar, H12O experienced a higher frequency of high-volume 

alert days. Detailed alert burden histograms are available in Fig. A.6 

(Appendix A). The median time from admission to the first sepsis alert 

was approximately 3 hours at both institutions.

Analysis of HSLL alert dynamics by service type revealed that, while 

the ER generated fewer total positive predictions than the wards, the 

majority of initial alerts occurred in the ER, representing 11% of the 

positive predictions. In contrast, only 3% of positive predictions in the 

wards were new alerts, with the remainder being updates. This is also 

reflected in the daily alert frequency: the median number of new alerts 

per day was approximately 3.5 times higher in the ER than in the wards. 

Lastly, the median time from admission to the first alert was 1h for ER 

alerts, compared to 32 hours for those initiated in the wards, the latter 

also showing a significantly higher IQR.
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Table 5 

Prospective performance metrics of the deployed ML models. 

Metrics from HSLL are disaggregated by service type.

HSLL H12O

All services ER Wards ER

N 87,905 28,735 59,170 20,289

Patients, N 7304 5530 4898 8361

Accuracy, % 89.26 89.78 89.01 89.50

Specificity, % 90.30 89.79 90.55 96.26

Sensitivity, % 84.65 89.97 82.22 70.08

NPV, % 96.32 97.52 95.75 90.23

PPV, % 66.25 66.20 66.28 86.70

AUC, % 93.65 96.19 92.50 95.51

3.4 . Sepsis model performance

Following the logic in Section 2.1.7, the evaluation microservice la­

belled 87,905 predictions from HSLL (≈ 26% of the total generated) and 

20,289 predictions from H12O (≈ 8% of the total generated). A fairness 

analysis concerning the labelled predictions can be found in Tables B.6 

and B.7 (see Appendix B). These labels served for the prospective model 

performance evaluation in Table 5.

A greater number of distinct data points have been labelled in HSLL 

compared to H12O, despite H12O encompassing more unique individu­

als generating those data points. Overall, prospective metrics align with 

the training results from Table 1. In HSLL, PPV is slightly higher in pro­

duction than during training, at the expense of a reduction in sensitivity. 

Furthermore, there is no significant difference in performance across the 

two subsettings of HSLL. As during the training phase, the model in HSLL 

shows higher sensitivity than PPV, whereas the model in H12O is more 

precise than sensitive.

4 . Discussion

The proposed CDSS has been deployed for sepsis prediction in two 

distinct healthcare settings, both on-site yet managed remotely. One 

deployment covers all wards and ER services of a medium-sized hos­

pital located on the island of Mallorca, while the other is limited to 

the ER of a large hospital in Madrid, Spain’s capital and largest city. 

HSLL serves a reference population of approximately 270,000 inhab­

itants [40], whereas H12O serves a catchment population of roughly 

450,000 inhabitants [41]. Each institution operates its own EHR sys­

tem with different variable codes and units of measure. Moreover, HSLL 

adheres to Sepsis-2 criteria, whereas the H12O employs Sepsis-3 guide­

lines. Their alerting preferences also diverge, with the former favoring a 

more sensitive strategy to capture a broader range of potential cases, 

and the latter prioritising a more precise approach to reduce false

positives.

These deployments have been made possible thanks to technolo­

gies that enable remote installation and monitoring of software systems, 

hence avoiding the need to export any patient data outside hospi­

tal premises and preserving privacy and compliance with regulatory 

requirements. Additionally, the CDSS benefits from a highly param­

eterisable architecture, which allows it to adapt to diverse clinical 

environments and preferences. Central to this flexibility is the data man­

ifest built on SNOMED CT, LOINC, ATC and HL7 FHIR interoperability 

standards, facilitating integration with heterogeneous EHR systems.

The results reflect that each hospital operates with its own dynam­

ics. For instance, although a similar number of observations are received 

from both hospitals, there is a greater number of predictions triggered in 

HSLL. This difference can be attributed to the observations from H12O 

being recorded in batches with equal timestamps. Besides, BIAlert pro­

cesses a higher number of unique patients in H12O compared to HSLL. 

This is attributable to H12O’s larger size and the tool being deployed for 

ER only, as ER stays tend to be shorter. Notably, H12O’s ER’s number of 

beds is comparable to the total bed capacity of HSLL. The longer stays 

tracked in HSLL are also visible in alert dynamics, as there exist many pa­

tients with a great number of positive predictions and cases with a long 

span between admission to the hospital and a new sepsis alert. With re­

spect to the process of prospective labelling: longer stays in HSLL allow 

for more predictions per patient to be later labelled based on diagnostic 

data.

HSLL prefers a conservative alerting strategy, ensuring that as few 

septic patients as possible go undetected, even if this results in a higher 

number of false positives. In contrast, H12O aims for a higher precision 

to avoid overwhelming clinical staff with too many alerts. Training and 

deploying models locally allows optimising sensitivity in HSLL and PPV 

in H12O, which is manifested in prospective performance metrics, as 

well as in the proportion of patients with an alert, which is much higher 

in HSLL than in H12O. Along these lines, the alert burden is comparable 

in both settings, although the rotation of patients in H12O is significantly 

greater. The daily frequencies of new alerts seem manageable in both 

settings; together with the PPV metrics, the results suggest a low risk of 

alert fatigue [42,43]. Additionally, the two hospitals follow different di­

agnostic criteria for sepsis, which implies that a patient may be classified 

as septic in one hospital but not in the other. Training separate models on 

each hospital’s own data not only improves predictive capacity but also 

enables generating predictions that replicate particular diagnostic prac­

tices. The ML models demonstrate a satisfactory performance which is 

consistent across training and production environments. In HSLL, where 

the tool is deployed across both the ER and wards, similar metrics are 

observed in both settings, suggesting model robustness.

Patients who trigger alerts tend to be older men compared to those 

who do not, which aligns with existing literature that identifies advanced 

age and masculine gender as risk factors for sepsis [44]. In HSLL, the 

majority of alerts are triggered in the ER. Across the ER services of 

both HSLL and H12O, alerts are typically generated rapidly after pa­

tient admission, which implies that most sepsis cases develop prior to 

arrival (community-acquired sepsis). This observation is consistent with 

previous studies reporting that approximately 70–80% of sepsis cases 

originate outside the hospital [45,46]. In contrast, patients in hospital 

wards may develop sepsis later during hospitalisation (nosocomial sep­

sis), leading to a longer time interval between admission and the first 

alert in HSLL.

While our findings provide valuable insights into the interoperabil­

ity of BIAlert, certain limitations should be acknowledged. In terms of 

the labelling process, a shortcoming is that not all predictions are sub­

sequently labelled, partly due to the subjective and gradual nature of 

sepsis. This can introduce bias when evaluating the models’ predictive 

capacity, as clearer cases are more likely to be formally diagnosed, while 

ambiguous cases may be underrepresented in the labelled data points, 

potentially leading to inflated metrics. Although this report suggests that 

most sepsis cases begin before hospital admission, detailed analyses of 

the time span between new alerts and the clinical diagnosis of sepsis 

remain to be investigated, as such work was beyond the scope of this 

study due to the inherent complexity and subjectivity of determining a 

true sepsis onset.

At HSLL, we conducted a clinical impact analysis using a retro­

spective before–after design including all patients admitted with sepsis 

between April 2011 and June 2024. Outcomes during the baseline 

period (January 2011–March 2019) were compared with those ob­

served after the implementation of BIAlert (April 2019–May 2024) [12]. 

Following deployment of the AI system, ICU admissions decreased from 

34.4% to 30.4%, accompanied by reductions of 0.35 ICU days and 0.59 

ward days per patient. These findings suggest a potential benefit of 

earlier sepsis identification and management facilitated by the system. 

However, this analysis was conducted at a single centre, so future work 

should evaluate the clinical impact of BIAlert using multicentre studies 

to better assess its generalisability and real-world effectiveness across 

different hospital settings.

Another limitation of the current system architecture is the need for 

an initial anonymised data extraction to train each hospital’s model. To 
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address this, a planned evolution of BIAlert involves including a mi­

croservice within the tool to enable on-site model training, where train­

ing metrics would be supervised remotely via the existing monitoring 

system.

In conclusion, this paper proposes an architecture for disease pre­

diction with ML that goes beyond retrospective studies and enables 

real-world deployment in heterogeneous clinical environments. The 

system has been successfully deployed and prospectively evaluated, 

demonstrating its adaptability to diverse EHR systems and operational 

protocols, while protecting sensitive health information. By emphasis­

ing a flexible customisation, interoperability and data security, ML can 

be effectively translated into CDSS that assist daily clinical practice.
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Appendix A . Alert burden

Fig. A.5. Distribution of positive predictions per patient across both hospitals (left panel: HSLL; right panel: H12O).

Fig. A.6. Distribution of daily alert frequencies across both hospitals (left panel: HSLL; right panel: H12O).
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Appendix B . Prediction labelling

It is important to note that a conservative approach was used for 

labelling: cases were labelled as non-septic only when sufficient clinical 

observations were available to confidently rule out sepsis.

Tables B.6 and B.7 report the number of predictions and the propor­

tion of labelled cases across patient subgroups for the HSLL and H120 

models, respectively. Overall, labelling rates were substantially higher 

for HSLL predictions (25.6%) than for H120 predictions (8.0%). These 

differences may be attributable to differences in the clinical contexts in 

which the models generate predictions (all hospital services vs ER), as 

well as differences in the availability of diagnostic information required 

to confirm or rule out sepsis under the conservative labelling strategy.

In both models, positive predictions were labelled more frequently 

than negative predictions. For HSLL, 30.4% of positive predictions were 

labelled compared with 24.4% of negative predictions. A similar pattern 

Table B.6 

Counts and labelling rates of HSLL predictions stratified by service 

type, gender, age group and model prediction type.

Subgroup Prediction type Predictions, 𝑁 Labelled, %

All patients All 343,293 25.6

All patients Negative 275,352 24.4

All patients Positive 67,941 30.4

ER All 99,575 28.9

Wards All 243,718 24.3

ER Negative 77,696 27.8

Wards Negative 197,656 23.1

ER Positive 21,879 32.4

Wards Positive 46,062 29.4

Women All 165,973 24.4

Men All 177,320 26.7

Women Negative 137,084 23.5

Men Negative 138,268 25.3

Women Positive 28,889 28.5

Men Positive 39,052 31.7

Ages in (14, 45] All 57,166 21.1

Ages in (45, 65] All 89,641 27.3

Ages > 65 All 196,486 26.1

Ages in (14, 45] Negative 50,531 20.5

Ages in (45, 65] Negative 70,441 25.4

Ages > 65 Negative 154,380 25.3

Ages in (14, 45] Positive 6635 26.1

Ages in (45, 65] Positive 19,200 34.3

Ages > 65 Positive 42,106 29.2

Table B.7 

Counts and labelling rates of H12O predictions stratified by gen­

der, age group, and model prediction type.

Subgroup Prediction type Predictions, 𝑁 Labelled, %

All patients All 253,867 8

All patients Negative 224,023 7.2

All patients Positive 29,844 14.2

Women All 136,867 8.8

Men All 117,000 7.1

Women Negative 123,227 8.2

Men Negative 100,796 5.9

Women Positive 13,640 13.7

Men Positive 16,204 14.6

Ages in (14, 45] All 77,560 7.9

Ages in (45, 65] All 66,912 8.2

Ages > 65 All 109,395 7.9

Ages in (14, 45] Negative 74,310 7.6

Ages in (45, 65] Negative 59,733 7.3

Ages > 65 Negative 89,980 6.7

Ages in (14, 45] Positive 3250 13.8

Ages in (45, 65] Positive 7179 15.8

Ages > 65 Positive 19,415 13.7

was observed for H120, where labelling rates were 14.2% for positive 

predictions and 7.2% for negative predictions. This pattern is consistent 

with the conservative labelling strategy, as cases flagged as positive by 

the model may be more likely to undergo additional diagnostic eval­

uation, increasing the likelihood that a definitive label is recorded. 

Furthermore, the volume of total negative predictions is much greater 

than that of positive predictions.

Moderate variation was observed across demographic subgroups. For 

the HSLL model, labelling rates were slightly higher among men than 

women (26.7% vs 24.4%), whereas for the H120 model the overall la­

belling rate was higher among women (8.8% versus 7.1%). However, for 

positive predictions the labelling rates were similar across sexes in both 

models. Differences across age groups were modest in both models, with 

only small variations in labelling rates and no consistent pattern across 

age categories.

Data availability

The data supporting this study’s findings are available upon rea­

sonable request to the corresponding author. However, due to privacy 

restrictions, the data are not publicly available.
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