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Abstract

Background Prompt diagnosis of bloodstream infections (BSls) is critical for antimicrobial stewardship but hindered
by blood culture delays of 48 h or more. We developed and validated a deep learning model to predict BSI risk from
standard 12-lead electrocardiograms (ECGs).

Methods This study adhered to the Transparent Reporting of a multivariable prediction model for Individual
Prognosis Or Diagnosis (TRIPOD) guidelines. In this retrospective, multi-center study, we trained a deep learning
model to predict clinically significant BSIs (excluding common contaminants) using ECGs from adult emergency
department (ED) patients at an academic medical center in Taiwan (April 2012 to March 2022; total N=163,826) and
validated it in three independent cohorts: internal (n=22,205), external (n=22,709), and MIMIC-IV (n=66,937). For the
MIMIC-IV cohort, BSI was identified using the derived suspicion of infection framework with a positive blood culture
flag.

Results The model achieved AUCs of 0.821 (95% Cl 0.804-0.838), 0.800 (0.782-0.818), and 0.756 (0.743-0.768) across
the three test cohorts, respectively. At a high-sensitivity rule-out threshold the model classified 19-25% of patients
as low risk (negative predictive value [NPV] 99.8%); at the Youden point, the sensitivity and specificity were 73.2%
and 76.8% in the internal test set, with an NPV of 99.2%. The model showed superior discrimination compared with
XGBoost and logistic regression baselines. Decision-curve analysis showed net benefit over heart rate alone and

the default treat-all and treat-none strategies across the clinically relevant low-threshold range. Exploratory analyses
indicated that the ECG-derived risk signal was elevated across Gram-positive, Gram-negative, and fungal infections;
pathogen-specific prediction will require a dedicated model (Supplementary Figure S3). The primary model stratified
90-day mortality risk among infected patients (adjusted HR 3.43 [1.93-6.09] for high- vs. low-risk).

Conclusions Deep learning analysis of standard 12-lead ECGs obtained at ED triage can predict clinically significant
BSI with discrimination superior to conventional ECG parameters. The model discriminated best (highest AUC) in
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patients with low clinical suspicion (gSOFA =0), although its incremental value in this low-prevalence subgroup is
modest. Prospective validation is needed before clinical implementation.

Keywords Artificial intelligence, Electrocardiogram, Bloodstream infection, Deep learning, Antimicrobial stewardship,

Bacteremia, Risk stratification, Clinical decision support

Background

Bloodstream infection (BSI), defined as the presence of a
viable pathogen in blood culture (including both bacte-
remia and fungemia), is a medical emergency with mor-
tality rates ranging from 13% to 21%, even with modern
treatments [1, 2]. The standard diagnostic method, blood
culture, takes at least 48 hours to confirm results [3].
Since each hour of delay in appropriate antibiotic treat-
ment raises mortality by about 7.6% in patients with
septic shock [4], clinicians must make empiric treat-
ment decisions with incomplete data [5]. This challenge
is especially serious in ‘occult’ BSI [6]. Elderly, immuno-
compromised, or multimorbid patients often present
with atypical symptoms, evading tools like qSOFA and
common biomarkers, which lack sufficient accuracy for
standalone detection of BSI [7, 8]. However, unnecessary
antibiotic use drives resistance, side effects, and higher
costs [9]. Current risk-stratification approaches for BSI
rely on clinical scoring systems (e.g., Shapiro criteria),
biomarkers (procalcitonin, C-reactive protein), or combi-
nations thereof. These are used in practice but, individu-
ally, none is accurate enough to determine the need for
blood cultures or empiric antibiotics without additional
clinical assessment [7, 10].

Recent progress in artificial intelligence (AI) has
pushed ECG analysis beyond traditional cardiac moni-
toring [11]. AI-ECG models can now detect non-cardiac
conditions including electrolyte disorders, anemia, and
reduced ejection fraction by identifying subtle signals
that are not apparent to human readers [12-14]. Sys-
temic infections induce complex cardiovascular adapta-
tions that alter cardiac electrophysiology, often before
overt clinical symptoms appear, offering a window for
early detection [15, 16].

Building on this foundation, we hypothesized that deep
learning could detect BSI by analyzing standard 12-lead
ECGs. Previous studies have explored machine learn-
ing for sepsis prediction using clinical data [17, 18], and
Kwon et al. showed the potential of ECG-based deep
learning for sepsis screening [19]. However, the evolv-
ing definition of sepsis (from SIRS to SOFA criteria [20])
introduces heterogeneity in these models’ endpoints,
whereas BSI provides an objective, microbiologically
defined target.

Here, we present a deep learning model that analyzes
12-lead ECGs to predict BSI risk at the time of hospital
presentation. We conducted a multi-center, retrospec-
tive study to train and validate this AI-ECG system across

distinct patient populations, including internal and exter-
nal validation in two hospitals within the same healthcare
system and a geographically separate critical care dataset
from the United States. We also examined the model’s
interpretability by identifying key ECG features associ-
ated with BSI risk. Our aim is to provide clinicians with
a rapid, non-invasive screening aid for BSI that supports
antibiotic stewardship by reducing unnecessary therapy
in low-risk cases.

Methods

Study design and data sources

We conducted a retrospective, multi-center study
approved by the Institutional Review Board of Tri-
Service General Hospital in Taipei, Taiwan (IRB No.
C202105049) with a waiver of informed consent due to
the retrospective nature of the study. This study was con-
ducted and reported in accordance with the Transpar-
ent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis (TRIPOD) guidelines
for prediction model development and validation [21].
A completed TRIPOD checklist is provided in Supple-
mentary Table S4. Data were collected from two hospital
settings: an academic medical center in Neihu District
(Hospital A) and a community hospital in Zhongzheng
District (Hospital B) spanning April 2012 to March 2022.
We included adult emergency department patients (aged
> 20 years, the age of legal majority in Taiwan during the
study period) who underwent both an ECG and a blood
culture during the ED encounter. The ECG used for
prediction was the triage ECG; all ECGs were obtained
within 1 h of triage (median time from triage to ECG
0.2-0.3 h across cohorts; Supplementary Table S7). The
prediction endpoint was a clinically significant BSI con-
firmed by a blood culture obtained within 1 day (24 h)
of that ECG. The index time was defined as the patient’s
emergency department triage time.

To assess generalizability beyond Taiwan, we incorpo-
rated data from the MIMIC-IV database (2008-2019)
[22], drawn from a single US academic centre (Beth
Israel Deaconess Medical Center, Boston, Massachu-
setts). MIMIC-1V is geographically homogeneous and
not nationally representative of the United States, but it
provides a geographically and demographically distinct,
cross-ethnic external test cohort. The MIMIC-IV data-
base was accessed under PhysioNet credentialed data use
agreement.
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Patient cohorts and data processing

We used five cohorts across two hospitals and MIMIC-
IV. From Hospital A, we established a development set
(36,988 patients; 64,822 ECGs) and a tuning set (14,987
patients; 26,376 ECGs). For final evaluation, we used
three test cohorts: an internal test set from Hospital A
(22,205 patients), an external test set from Hospital B
(22,709 patients), and the MIMIC-IV test set (66,937
patients). Each test cohort used a single ECG per patient.
Patient populations were strictly separated between
development and validation phases to prevent data leak-
age. The development and tuning cohorts incorporated
multiple ECGs per patient to capture temporal variation
in cardiac signals, while test cohorts used only the first
ECG per patient to replicate real-world clinical scenarios.

Standardized 10-second, 12-lead ECGs were acquired
using Philips instrumentation (500 Hz). In addition to
raw waveforms, we extracted 31 diagnostic patterns (e.g.,
arrhythmias, conduction disturbances) and 8 quantita-
tive measurements from the system outputs (complete
list provided in Supplementary Table S5). Missing data
(< 9%) underwent multiple imputation using multivariate
imputation by chained equations (MICE) with predictive
mean matching (5 imputations). Imputed features were
used exclusively for the parallel XGBoost model, not for
the deep learning model which processed raw waveforms
[23-25].

The dataset was enriched with patient demograph-
ics (age, sex, body mass index) and comorbidity profiles
from electronic medical records. Comorbidities included
diabetes mellitus, hypertension, hyperlipidemia, chronic
kidney disease, acute myocardial infarction, stroke, coro-
nary artery disease, heart failure, atrial fibrillation, and
chronic obstructive pulmonary disease, identified using
ICD-9 and ICD-10 codes [26].

Blood cultures were obtained at the discretion of the
treating emergency physician when systemic infection
was clinically suspected; the study cohort therefore com-
prised patients with suspected infection who had both
a blood culture and an ECG. To define clinically signifi-
cant BS], all positive blood cultures were reviewed based
on established clinical guidelines. A clinically significant
BSI was defined as the isolation of a recognized patho-
gen from at least one blood culture bottle. The predic-
tion endpoint was a clinically significant BSI confirmed
by a blood culture obtained within 1 day (24 h) of the
index ECG; the per-patient prevalence of this endpoint
was 2.1% (development), 2.2% (internal), 2.0% (external),
and 1.8% (MIMIC-1V). For reference, the proportion of
patients with any non-contaminant positive culture in the
linked record, irrespective of timing, was approximately
7%. A pre-defined list of organisms commonly consid-
ered contaminants, including coagulase-negative staph-
ylococci, Staphylococcus epidermidis, Diphtheroids,
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Bacillus spp., Lactobacillus spp., Cutibacterium acnes,
Micrococcus spp., Corynebacterium spp., Propioni-
bacterium acnes, and Paenibacillus spp., were excluded
from the positive cohort unless the same organism was
isolated from two or more separate blood culture sets
drawn within a 48-hour period. Cases of fungemia were
included as part of the BSI endpoint. In an exploratory
subgroup analysis we examined whether the primary BSI
risk score discriminated each pathogen class (Gram-posi-
tive, Gram-negative, fungal) from other patients (Supple-
mentary Figure S3).

For the MIMIC-IV cohort, BSI was identified using the
derived ‘suspicion of infection’ framework, which identi-
fies clinical episodes where antibiotic orders and blood
culture specimens co-occurred within a predefined time
window [27]. A positive BSI was defined as any blood
culture yielding microbial growth (positive_culture =
1). Unlike the Taiwan cohorts, organism-level adjudica-
tion for contaminant exclusion was not performed in the
MIMIC-1IV dataset, as the derived table does not pro-
vide species-level identification. Consequently, pathogen
subclassification (Gram-positive, Gram-negative, fun-
gal) was not available for this cohort. This less stringent
endpoint definition may include contaminant organisms,
potentially reducing the signal-to-noise ratio.

Deep learning model architecture and training

The deep learning model architecture was adapted
from our previously validated AI-ECG mortality pre-
diction system, the technical details of which have been
described elsewhere [28, 29]. Briefly, the model is a con-
volutional neural network with an attention mechanism,
originally trained on more than 450,000 ECGs with all-
cause mortality as the primary label using survival data
with censored events. The model processes raw 12-lead
ECG waveforms (5,000 data points per lead at 500 Hz,
yielding a 12 x 5,000 input matrix). During training,
random 4,096-sample segments were used for data aug-
mentation; for prediction, overlapping segments with
averaged outputs were used to maximize coverage of the
10-second recording. For the present study, the model
was retrained with BSI as the prediction target, using a
sigmoid activation function for binary classification (BSI
probability), in contrast to the survival prediction output
used in the original mortality model. Training was per-
formed using the Adam optimizer (batch size = 32, initial
learning rate = 0.001) with dynamic learning rate reduc-
tion, early stopping, and L2 regularization (107-4). No
specific class imbalance handling was applied; the model
was trained on the natural BSI prevalence (~ 7%) in the
development cohort; this training label was defined at the
ECG level (a positive blood culture during the emergency
department encounter) and is therefore higher than
the approximately 2% per-patient, 24-hour evaluation
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endpoint used in the Results. Training was performed on
an NVIDIA DGX-1 platform. Training code for the base
architecture is publicly available at https://github.com/I
mshepherd/ECGSurvNet.

Model evaluation and statistical analysis

We evaluated model performance using multiple met-
rics. Discriminative performance was assessed using the
area under the receiver operating characteristic curve
(AUC) and precision-recall characteristics (PRAUC).
95% confidence intervals for AUC were calculated using
the DeLong method [30]. Clinical applicability was evalu-
ated through sensitivity, specificity, positive predictive
value (PPV), and negative predictive value (NPV) at the
optimal threshold defined by Youden’s index (sensitivity
+ specificity — 1).

To identify subgroups with the greatest clinical ben-
efit, we conducted stratified analyses across patient sub-
groups defined by age, sex, Charlson Comorbidity Index
(CCL, 0=no comorbidity, 1-3=mild, 4-6=moderate,
>=7 =severe), and qSOFA score. These analyses identi-
fied populations most likely to benefit from AI-ECG BSI
screening.

We assessed model calibration by plotting predicted
probabilities against observed BSI frequencies using
the Hosmer-Lemeshow goodness-of-fit test with decile
grouping. Decision-curve analysis estimated the net ben-
efit of the model for the decision of whether to obtain a
blood culture and initiate empiric antibiotics. Predicted
probabilities for the deep-learning model and for heart
rate alone were obtained by logistic recalibration on the
development set, and net benefit was compared against
heart rate alone and against the conventional treat-all and
treat-none reference strategies across the clinically rel-
evant range of threshold probabilities near the observed
prevalence (approximately 1-10%).

We assessed prognostic value using Kaplan-Meier anal-
ysis, with patients stratified by AI-ECG risk categories.
Risk categories were defined based on the model’s predic-
tion score using thresholds derived from the tuning set:
low-risk (score<0.827), medium-risk (0.827 to 1.625),
and high-risk (score>1.625). We investigated mortal-
ity outcomes both in the overall population and within
the BSI subgroup. The independent association between
model predictions and outcomes was quantified using
multivariable Cox proportional hazard models, adjusting
for age and sex, with results expressed as hazard ratios
(HR) and 95% confidence intervals. Adjustment was lim-
ited to age and sex to assess the model’s independent
prognostic value with minimal covariate adjustment;
a fully adjusted model was not pursued because many
clinical variables (e.g., qSOFA, vital signs) are themselves
inputs that the ECG model may capture.
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To enhance interpretability, we used an XGBoost
model to rank the importance of 8 quantitative and 4
diagnostic ECG features (selected from the full set of
39 features) based on information gain. Feature impor-
tance was assessed using two-fold cross-validation,
with the XGBoost model trained to predict the deep
learning model’s BSI risk scores (regression objective).
R-squared values represent the squared Pearson corre-
lation between predicted and observed scores, averaged
across folds. Of note, the XGBoost model serves as a par-
allel interpretable model rather than a direct explanation
of the deep learning model’s internal representations. To
quantify the incremental value of deep learning over sim-
pler approaches, we compared the deep learning model’s
discrimination with that of XGBoost (using all 39 ECG
features or 8 quantitative features only), logistic regres-
sion (heart rate, corrected QT interval, QRS wave axis,
and T wave axis), and heart rate alone (Supplementary
Table S8). To evaluate the model’s rule-out performance
independent of disease prevalence, we report positive
and negative likelihood ratios and project NPV across a
range of assumed BSI prevalences (Supplementary Table
S9).

All statistical analyses were performed using R ver-
sion 4.5.2 with the following packages: pROC for AUC
calculation and DeLong confidence intervals, survival
for Kaplan-Meier and Cox regression analyses, xgboost
for the interpretable model, mice for multiple imputa-
tion, ResourceSelection for calibration assessment, and
ggplot2 for visualization. The deep learning model was
developed using Python with TensorFlow/Keras on an
NVIDIA DGX-1 platform.

Results

Patient characteristics

Our study included ECGs from a development set
(64,822 ECGs from 36,988 patients) and three distinct
test cohorts (Fig. 1). Using one ECG per patient, the BSI
prevalence was 2.1% in the development set, 2.2% in the
internal test set, 2.0% in the external test set, and 1.8%
in the MIMIC-IV cohort (1,191 patients with positive
blood cultures). As detailed in Table 1 and Supplemen-
tary Tables S1-S3, a clear gradient of clinical severity was
observed across the model’s risk strata. Patients classified
as high-risk were consistently older, had higher gSOFA
scores, and a greater burden of comorbidities compared
to low-risk patients (all p <0.001).

AI-ECG model performance

The AI-ECG model showed strong discriminative abil-
ity across all test sets (Fig. 2; Supplementary Table S6);
because discrimination summarised by AUROC is influ-
enced by the high proportion of true negatives at low
prevalence, we interpret it alongside the precision-recall,
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74,180 patients ever visited hospital A (academic
medical center) in study period and had at least 1
ECG measurement

22,709 patients ever visited
hospital B (community hospital
in study period and had at least 1
ECG measurement

66,937 patients in MIMIC dataset
and had at least 1 ECG measurement

}

}

36,988 patients for
training DL model

14,987 patients for
tuning DL model

22,205 patients for
testing DL model

!

!

Development set
64,822 ECGs from
36,988 patients

Tuning set
26,376 ECGs from
14,987 patients

!

Development of DL
models for predicting
bacteremia using ECG

Used the first record

'

!

)

Internal test set
22,205 ECGs from
22,205 patients

External test set
22,709 ECGs from
22,709 patients

MIMIC test set
66,937 ECGs from
66,937 patients

1

1

I

Accuracy test of DL model using internal test set, external test set and MIMIC test set

Fig. 1 Study design and dataset partitioning. Schematic illustration of dataset construction and analysis workflow. The study cohort was divided into five
non-overlapping patient populations: a development cohort, a tuning cohort, an internal test cohort from an academic medical center, an external test
cohort from a community hospital, and the MIMIC-IV test cohort. Patient assignment to mutually exclusive datasets prevented data leakage between

model development and validation phases

predictive-value, likelihood-ratio, and decision-curve
analyses reported below. The model achieved AUC val-
ues of 0.821 (95% CI 0.804—0.838) in the internal test
set, 0.800 (0.782-0.818) in the external test set, and
0.756 (0.743-0.768) in the MIMIC-IV test set. Because
the intended use is to rule out infection, we evaluated a
range of operating points rather than a single Youden-
optimal threshold (Supplementary Table S6). At the
Youden point (sensitivity 61.0-73.2%), 27—-39% of true BSI
would be missed, which is inappropriate for a rule-out
test. We therefore additionally report a high-sensitivity
rule-out threshold: at approximately 98% sensitivity the
model classified 19-25% of patients as low risk while
missing only 0.3-0.4 true BSI per 1000 ED visits (nega-
tive likelihood ratio 0.07-0.10), and at approximately 92%
sensitivity it classified 43—49% as low risk while missing
1.6-1.9 per 1000. The corresponding negative predic-
tive values were 99.8% and 99.6-99.7%, respectively. The
choice of threshold reflects the acceptable miss rate for
a given clinical setting. Compared with baseline mod-
els built from the same ECGs, the deep learning model
showed superior discrimination on both test sets: an
XGBoost model using 39 ECG features achieved an inter-
nal AUC of 0.790 and an external AUC of 0.774, whereas
the deep learning model achieved 0.821 internally and
0.800 externally. Heart rate alone achieved AUCs of
0.786 and 0.760, and logistic regression using four ECG
parameters achieved 0.792 and 0.765, all below the deep
learning model and confirming that it extracts predictive

information from the raw waveform beyond conventional
ECG parameters (Supplementary Table S8).

Model performance across patient subgroups

Stratified analysis revealed distinct patterns of model
performance across patient subgroups (Fig. 3). The
model performed best in patients under 60 years of age
(AUC>0.80 across all test sets) and maintained clinically
meaningful discrimination in elderly patients. Comor-
bidity burden analysis showed stronger performance
in patients with no or mild comorbidities compared to
those with severe comorbidity. Most notably, the model
achieved the highest discrimination in patients with
qSOFA=0 (AUC 0.819 [95% CI 0.795-0.843], 0.790
[0.764—0.815], and 0.754 [0.739-0.769] across the inter-
nal, external, and MIMIC-IV test sets, respectively), with
performance decreasing as qSOFA scores increased. Sex
did not significantly affect model performance. In the
MIMIC-IV dataset, performance was consistent across
racial and ethnic groups: White (AUC 0.732, n=42,223),
Black (0.800, »=11,890), Hispanic (0.782, n=3,830),
Asian (0.817, n=2,805), and Other (0.772, n=6,189).
All ECGs were obtained within 1 h of triage (median
0.2-0.3 h; Supplementary Table S7), so the reported
discrimination reflects true point-of-care prediction at
presentation.
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Table 1 Baseline characteristics across the development, tuning, and test cohorts (internal, external, and MIMIC-IV)

Variable Development Tuning Internal External MIMIC-IV P
(n=36,988) (n=14,987) (n=22,205) (n=22,709) (n=66,937)

Demographics

Age, years 587+189 585+189 588+189 60.9+203 589+199 <0.001

Sex, male 18,888 (51.1) 7,582 (50.6) 11,171 (50.3) 11,432 (50.3) 31,649 (47.3) <0.001

qSOFA score 02+05 02+05 02+05 02+05 0.1+£04 <0.001

Emergency Triage Level

Triage level 1 3,422 (9.3) 1,423 (9.5) 1,957 (8.8) 1,067 (4.7) 9,122 (13.6) <0.001

Triage level 2 11,178 (30.2) 4,456 (29.7) 6,683 (30.1) 6,295 (27.7) 34,204 (51.1)

Triage level 3 21,713 (58.7) 8,798 (58.7) 13,144 (59.2) 14,919 (65.7) 23,453 (35.0)

Triage level 4-5 675 (1.8) 310 (2.1) 421(1.9) 428(1.9) 158(0.2)

Vital Signs

Heart rate, bpm 88.2+220 8794218 8824217 87.7+215 85.7+21.1 <0.001

Respiratory rate, /min 192451 19.2+44 192+47 188+4.3 18.0+3.1 <0.001

SBP. mmHg 13794275 138.0+£274 138.0+274 139.7+£274 136.1+25.1 <0.001

DBP, mmHg 80.1+17.3 803+17.2 80.1+17.3 760+17.2 770+£16.0 <0.001

Temperature, °C 36.7+1.0 36.7+1.0 36.7+1.0 36.6+1.0 36.7+06 <0.001

Blood Culture Results

Positive 2,535 (6.9) 1,018 (6.8) 1,537 (6.9 1,654 (7.3) - <0.001

Gram-positive 698 (1.9) 290 (1.9) 444 (2.0) 474 (2.1) -

Gram-negative 1,549 (4.2) 609 (4.1) 922 (4.2) 1,016 (4.5) -

Polymicrobial 141 (0.4) 57 (0.4) 92 (0.4) 88 (0.4) -

Fungal 147 (0.4) 62 (0.4) 79 (0.4) 76 (0.3) -

Negative 34,453 (93.1) 13,969 (93.2) 20,668 (93.1) 21,055 (92.7) -

Comorbidities (Charlson Comorbidity Index)

Myocardial infarction 1,403 (3.8) 601 (4.0) 873 (3.9) 925 (4.1) 7,295 (10.9) <0.001

Heart failure 3,280 (8.9) 1,361 (9.1) 1,972 (8.9) 2,543 (11.2) 10,189 (15.2) <0.001

Peripheral vascular disease 2,058 (5.6) 814 (54) 1,201 (5.4) 1,743 (7.7) 5,033 (7.5) <0.001

Cerebrovascular disease 6,786 (18.3) 2,791 (18.6) 4,085 (18.4) 5,022 (22.1) 6,514 (9.7) <0.001

Dementia 2,691 (7.3) 1,087 (7.3) 1,615 (7.3) 2,579 (11.4) 2,035 (3.0) <0.001

Chronic pulmonary disease 5452 (14.7) 2,198 (14.7) 3,342 (15.1) 5,687 (25.0) 11,945 (17.8) <0.001

Rheumatic disease 997 (2.7) 385 (2.6) 586 (2.6) 1,048 (4.6) 1,790 (2.7) <0.001

Peptic ulcer disease 6,948 (18.8) 2,788 (18.6) 4,249 (19.1) 5,891 (25.9) 1,614 (24) <0.001

Mild liver disease 5261 (14.2) 27 (14.2) 3,216 (14.5) 4,773 (21.0) 4,727 (7.1) <0.001

DM without complications 7,192 (19.4) 2,899 (19.3) 4,370 (19.7) 5,758 (25.4) 13,716 (20.5) <0.001

DM with complications 3,408 (9.2) 403 (94) 2,036 (9.2) 3,067 (13.5) 4,732 (7.1) <0.001

Hemiplegia/paraplegia 1,008 (2.7) 403 (2.7) 635 (2.9) 764 (3.4) 1,629 (2.4) <0.001

Renal disease 3,957 (10.7) 1,585 (10.6) 2,400 (10.8) 3,101 (13.7) 9,031 (13.5) <0.001

Malignancy 4,431 (12.0) 1,762 (11.8) 2,693 (12.1) 3,223 (14.2) 6,823 (10.2) <0.001

Moderate/severe liver disease 507 (14) 205 (1.4) 327 (1.5) 300 (1.3) 1,518 (2.3) <0.001

Metastatic tumor 1,592 (4.3) 603 (4.0) 946 (4.3) 971 (4.3) 2,899 (4.3) 0574

AIDS 18 (0.0) 7(0.0) 18 (0.1) 35(0.2) 540 (0.8) <0.001

Data are presented as mean +/- SD or n (%). SBP =systolic blood pressure; DBP =diastolic blood pressure; DM =diabetes mellitus; AIDS=acquired immunodeficiency
syndrome; BSI=bloodstream infection. Emergency triage level follows Taiwan ED 5-level system (1 =most urgent). Blood culture organism-level data were not
available for the MIMIC-IV cohort (indicated by *-*); BSI in MIMIC-IV was defined using the derived ‘suspicion of infection’ framework with positive blood culture flag
(see Methods). MIMIC-IV BSI prevalence: 1,191 (1.8%). Per-patient BSI prevalence after deduplication: internal 2.2%, external 2.0%, MIMIC-IV 1.8%. p values from chi-

square test for categorical and ANOVA for continuous variables

Prognostic value in mortality prediction

Kaplan-Meier survival analysis showed that the AI-ECG
model effectively stratified mortality risk (Fig. 4; Supple-
mentary Figure S2). In the all-cause mortality analysis,
high-risk patients had significantly higher 90-day mortal-
ity. In the internal test set, the high-risk group’s mortal-
ity was 13.0% compared to 0.9% for the low-risk group

(adjusted HR 10.41, 95% CI 8.13-13.33). This risk strati-
fication was consistent across all external test cohorts.
The model maintained significant prognostic value
among patients with confirmed BSI: high-risk patients
had higher 90-day mortality than low-risk patients
(internal set: 10.5% vs. 3.6%; adjusted HR 3.43, 95% CI
1.93-6.09). The medium-risk tier followed the expected
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Fig. 2 Discriminative performance across test cohorts. Receiver operating characteristic (ROC) curves (a) and precision-recall curves (b) for the deep
learning model across the internal test set (AUC 0.821, 95% Cl 0.804-0.838), external test set (AUC 0.800, 0.782-0.818), and MIMIC-IV test set (AUC 0.756,
0.743-0.768). N=22,205 (internal), 22,709 (external), and 66,937 (MIMIC-IV). Circle markers denote the Youden-optimal operating point; the recommend-
ed high-sensitivity rule-out operating points and the full threshold spectrum are provided in Supplementary Table S6

gradient in the full cohort (adjusted HR 3.1-4.9 versus
low); however, within the smaller BSI-positive subgroup
the medium and high tiers contained few patients with
overlapping confidence intervals, and their survival
curves cross (for example, external test set: medium HR
3.37 [1.67-6.81] vs. high HR 3.04 [1.39-6.64]). The three-
tier gradient should therefore be interpreted from the full
cohort, where it is robust, rather than from the under-
powered BSI-positive subgroup.

Critical ECG features for bloodstream infection prediction

An XGBoost model was used to identify key predictive
ECG features (Fig. 5). Heart rate emerged as the domi-
nant feature, followed by corrected QT interval, QRS
wave axis, and T wave axis. This feature set was highly
consistent across test cohorts, with the selected features
explaining approximately three-quarters of the vari-
ance in the deep learning model’s continuous BSI risk
output (R-squared=73.42% and 74.46% for the internal
and external test sets, respectively, based on two-fold
cross-validated XGBoost regression). Patients with BSI
had significantly different ECG parameters compared to

those without, including higher heart rates and longer
QRS durations (all p<0.001). The features identified as
important by XGBoost likely overlap with, but may not
fully represent, the features learned by the deep learning
model from raw waveform data.

Exploratory pathogen-class analysis

In exploratory subgroup analyses, the primary BSI risk
score showed similar one-vs-rest discrimination for
Gram-positive, Gram-negative, and fungal infections
(Supplementary Figure S3), consistent with a pan-patho-
gen signal rather than discrimination between pathogen
classes.

Model calibration and clinical utility

Calibration curves showed good agreement between
predicted BSI probabilities and observed infection fre-
quencies, assessed using the Hosmer-Lemeshow test
with decile grouping, particularly in the clinically rel-
evant 0-15% probability range (Supplementary Figure
S4). Decision-curve analysis evaluated the decision of
whether to obtain a blood culture and initiate empiric
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antibiotics. Across the clinically relevant range of thresh-  deep-learning model over heart rate alone was small but
old probabilities near the observed prevalence (approxi-  consistent across this range, indicating that the model
mately 1-10%), the AI-ECG model provided the highest adds information beyond a single vital sign for this
net benefit of the strategies examined, exceeding treat-  decision.

all, treat-none, and heart rate alone (Supplementary Fig-

ure S5); treat-all conferred negative net benefit beyond

approximately 2%. The incremental net benefit of the
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Fig. 4 Survival analysis by AI-ECG risk classification. Kaplan-Meier survival curves for 90-day all-cause mortality, stratified by Al-ECG risk categories: high-
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display mortality within BSI-positive patients. Adjusted hazard ratios (adjusted for age and sex) with 95% confidence intervals are shown for each risk

category relative to the low-risk reference group

Discussion

Our study shows that deep learning analysis of stan-
dard 12-lead ECGs can predict clinically significant BSI
with meaningful discrimination in emergency depart-
ment settings. After excluding common contaminants,
the model achieved robust performance in internal and
external Taiwanese test cohorts (AUC 0.821 and 0.800)
and maintained good performance in a large U.S. data-
set (AUC 0.756). The model’s consistently high negative
predictive value (>99%) suggests its primary utility as a
rapid rule-out tool, potentially aiding antimicrobial stew-
ardship. Our analyses also reveal that the model’s predic-
tions are well-calibrated and offer net clinical benefit per
decision-curve analysis, and that the ECG-derived risk
signal is elevated across Gram-positive, Gram-negative,

and fungal infections (an exploratory, pan-pathogen
observation rather than discrimination between patho-
gen classes; Supplementary Figure S3).

ECG signatures of bloodstream infection

The model’s ability to detect BSI from the ECG is rooted
in the complex cardiovascular changes induced by sys-
temic infection, such as altered heart rate and repolariza-
tion, which were key predictive features in our model [16,
20, 31, 32]. The ECG-derived signal was present across
pathogen classes, suggesting a shared cardiovascular
response to bloodstream infection; whether ECGs can
discriminate between pathogen classes is unresolved and
would require a dedicated multi-class model, which we
identify as a priority for future work.



Chen et al. BMC Medical Informatics and Decision Making

Heart rate

Internal (R-sq = 73.42%)

Heart rate 100.00%

correct QT interval

QRS wave axis 18.85%

T wave axis 17.65% 80
P wave axis
Internal
PR interval

QRS duration QT interval

Low voltage 8 3.00%
QTinterval § 2.08% 390
oMl 4 1.60%

Ventricular premature complex 4 0.84%

ST elevation { 0.30%

Internal

0.0 0.2 0.4 0.6 08 1.0
Related importance

QRS wave axis

External (R-sq = 74.46%)

100.00% 40

Heart rate
correct QT interval

23.36% 0

QRS wave axis
T wave axis 21.09%

P wave axis Internal
PR interval
QRS duration
Low voltage 3.63% 20
QTinterval § 2.23%
oMl § 2.16%

1.00% 10

Ventricular premature complex

ST elevation 4 0.75%

Internal

04 06 08 1.0
Related importance

(2026) 26:354

—

—

—

Low voltage (%)

—

Page 10 of 13

PR interval QRS duration
- - 105.0 -
— —
1625 1025
160.0 100.0
157.5 975
External Internal External Internal External
correct QT interval P wave axis
480 .
External Internal External Internal External
T wave axis ST elevation (%)
e - war 30 .
— —
55
50 25
45
20
40
3 15
External Internal External Internal External
Ventricular premature complex (%) OMI (%)
15 — 2 L—
15
10
10
5
5
External Internal External Internal External
. ECG-NO Bacteremia . ECG-Bacteremia

Fig. 5 Key ECG features for bloodstream infection prediction. Left panels show relative feature importance based on information gain derived from XG-
Boost models. R-squared values indicate the proportion of variance explained. Right panels provide comparative analysis of key ECG parameters between
patients with and without bloodstream infection, demonstrating statistically significant differences

Model performance and generalizability
The model discriminated best in patients with qSOFA
= 0, the subgroup in which clinical uncertainty is often
highest [33]; however, this subgroup also has the lowest
BSI prevalence (1.4%), so its high NPV (99.7%) is only
modestly above the null value of 98.6% (incremental gain
approximately + 1.1% point; negative likelihood ratio
approximately 0.2). The model’s value in this subgroup
therefore lies in a moderate reduction of an already low
post-test probability rather than in the NPV alone, and it
should support, not replace, clinical judgment. Subgroup
prevalences and predictive values are reported in Sup-
plementary Table S6. The model’s reduced performance
in patients with higher qSOFA scores or advanced age
aligns with previous reports of reduced prognostic utility
of clinical scores in such populations [34].

Although the cohort definition permitted an ECG and
a blood culture during the ED encounter, analysis of ECG
timestamps showed that all ECGs (100% in every cohort)
were obtained within 1 h of triage (median 0.2-0.3 h;
Supplementary Table S7), confirming that the reported
discrimination reflects prediction at the point of care.

The lower AUC observed in the MIMIC-IV cohort
(0.756) likely reflects several factors: differences in ECG
hardware (Philips in Taiwan vs. potentially multiple

systems in MIMIC-IV), different patient demographics
(U.S. vs. Taiwan), different healthcare contexts (critical
care database vs. all-comer ED), and the inclusion of ICU
patients who may already be receiving treatment. The less
precise BSI endpoint in MIMIC-IV also likely contrib-
uted. While our Taiwan cohorts employed adjudicated
blood cultures with meticulous contaminant exclusion,
the MIMIC-IV endpoint relied on a binary positive cul-
ture flag without organism-level review [27], potentially
introducing label noise that would be expected to attenu-
ate measured discrimination. The lower BSI prevalence
in the MIMIC-IV cohort (1.8% vs. 2.0-2.2% in Taiwan)
further reflects the different case ascertainment strategy:
the suspicion of infection framework requires concurrent
antibiotic and culture orders within a predefined time
window, which may undercount BSI events compared to
direct blood culture review. Additionally, the MIMIC-1V
cohort includes a broader ED population, many of whom
may not have had blood cultures ordered, diluting the
BSI prevalence.

Clinical utility and implications for antimicrobial
stewardship

Although the model's AUROC values were favourable,
AUROC at the low target prevalence of this setting (~
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2%) is dominated by the large number of true negatives
and can overstate clinical usefulness; we therefore base
the assessment of clinical utility below on prevalence-
sensitive measures, namely predictive values, likelihood
ratios, and decision-curve net benefit, rather than on
AUROC alone. The model’s clinical value as a rule-out
tool is supported by its high NPV (99.2% in the internal
test set). However, this metric must be interpreted in
context of disease prevalence [35]. At the observed test
set BSI prevalence (~ 2%), the null NPV (predicting all
negative) is already 97.8%, and the model’s incremental
gain is + 1.4%. The negative likelihood ratio of 0.35 indi-
cates moderate rule-out value. Under the assumption
that sensitivity and specificity remain constant, the mod-
el's incremental NPV would increase with prevalence
(Supplementary Table S9): for example, an illustrative +
4.4% points at 7% prevalence and + 9.2 at 15%. This pro-
jection is illustrative only; because a different case-mix
can change the spectrum of disease and therefore the
likelihood ratios themselves, the operating characteristics
in a higher-prevalence population must be established
prospectively rather than assumed. This suggests the
model’s rule-out utility is greatest in clinical settings with
higher pretest probability.

In our internal test cohort, applying the model at a
high-sensitivity rule-out threshold (approximately 98%
sensitivity) classified 24% of patients as low-risk while
missing only 0.4 true BSI per 1,000 ED visits, whereas the
Youden-optimal threshold classified 76% as low-risk but
missed 6 per 1,000 and is therefore not recommended
for a rule-out application. Similar safety-efficiency
trade-offs were observed in the external and MIMIC-
IV test sets (Supplementary Table S6). Beyond rule-out,
the deep learning model provides value that simpler
approaches cannot. Compared with heart rate alone
(AUC 0.786/0.760), logistic regression using four ECG
parameters (AUC 0.792/0.765), and an XGBoost model
using 39 ECG features (AUC 0.790/0.774), the deep
learning model achieved AUCs of 0.821/0.800, a consis-
tent improvement across both the internal and external
test sets (Supplementary Table S8). That the deep learn-
ing model outperforms feature-based models built from
the same waveforms indicates it captures predictive
information in the raw signal not represented by conven-
tional ECG parameters. The deep learning model’s ability
to stratify mortality risk among infected patients (Fig. 4)
further supports its role as an integrated risk stratifica-
tion tool rather than a standalone rule-out test.

Although we did not directly compare the AI-ECG
model with conventional biomarkers, indirect compari-
son with published data provides context. Procalcito-
nin (PCT) for predicting bacteremia has reported AUCs
ranging from 0.71 to 0.79 in meta-analyses [7], while
C-reactive protein alone achieves AUCs of approximately
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0.65-0.75 [36]. The Shapiro clinical prediction rule for
bacteremia in ED patients achieved a sensitivity of 97%
and specificity of 29% [10]. Clinical prediction rules for
bacteremia have also shown moderate accuracy [31]. Our
AI-ECG model achieves comparable or superior discrim-
ination (AUC 0.756—0.821) while requiring no laboratory
results and providing instantaneous output. However,
a direct head-to-head comparison in the same patient
population is needed, and future studies should evaluate
whether combining AI-ECG predictions with conven-
tional biomarkers improves diagnostic accuracy.

Study limitations and future directions

Our study has several limitations. First, the retrospec-
tive design means that only patients with both an ECG
and a blood culture were included. Although ECGs are
obtained routinely at triage and were available for most
patients with a blood culture, requiring a blood culture
restricts the cohort to patients with clinically suspected
infection; patients with an ECG but no blood culture (the
majority of ED patients) were excluded, and the model’s
performance in an unselected ED population is unknown.
Second, because all ECGs were obtained within 1 h of
triage (Supplementary Table S7), the model’s rule-out
value as measured by NPV is partially driven by the low
BSI prevalence (~2%) in these test cohorts after dedu-
plication to one ECG per patient. At this prevalence, the
incremental NPV over a null strategy is modest (+1.4%
in internal test set; Supplementary Table S9). The model’s
rule-out utility is expected to be greater in populations
with higher BSI prevalence, such as febrile ED patients
or immunocompromised populations. Third, the model
was developed entirely on a Taiwanese population. While
MIMIC-IV provides cross-ethnic validation, the perfor-
mance gap suggests population-specific calibration may
be needed. Fourth, the XGBoost feature importance
analysis serves as a parallel interpretable model and does
not directly explain the deep learning model’s internal
representations. Fifth, we did not directly compare our
model with established biomarkers such as procalcito-
nin or C-reactive protein, as these were not consistently
available across all cohorts (see indirect comparison
above). Sixth, all data are from overlapping time periods;
temporal validation (training on earlier data, validating
on later data) was not performed. Technical variations
between sites, such as different ECG systems, could also
affect generalizability. Finally, the model’s performance
declined in patients with complex comorbidities and
higher qSOFA scores. Future research should prioritize
prospective validation studies, including silent prospec-
tive validation (model runs in background without clini-
cal action), integration studies with clinical workflows,
and cost-effectiveness analysis.
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Conclusions

This multi-center study shows that deep learning analysis
of standard 12-lead ECGs, obtained at the time of emer-
gency department triage, can predict clinically significant
BSI with discrimination superior to conventional ECG
parameters and logistic regression baselines. The model
discriminated best (highest AUC) in patients with low
clinical suspicion (qSOFA =0), although its incremental
value in this low-prevalence subgroup is modest; its rule-
out value would be expected to increase with prevalence,
although this requires prospective confirmation. Because
all ECGs were acquired at ED triage, model performance
reflects true point-of-care prediction, and baseline-model
comparisons confirmed that deep learning outperforms
simpler models. Prospective validation in real-world clin-
ical workflows is needed before implementation.
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