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1. Antibiotics included in the study
The antibiotics included in the study are reported in Table S1. Each antibiotic was assigned to a class according to its antimicrobial spectrum, based on clinical expert assessment.
	Antibiotics (Principle Ingredients) 
	Number of  courses 
(Train + Val) 
	Number of  courses 
(Test)
	Class Assigned 

	Imipenem /Cilastatin /Relebactam  
	2 
	4 
	4 

	Eravacycline  
	3 
	11 
	4 

	Cefiderocol  
	106 
	33 
	4 

	Ceftazidime/Avibactam 
	283 
	65 
	4 

	Ceftobiprole 
	48 
	11 
	4 

	Colistimethate 
	60 
	0 
	4 

	Ceftaroline 
	71 
	22 
	4 

	Ceftolozano /Tazobactam  
	85 
	37 
	4 

	Gentamicin 
	790 
	29 
	3 

	Ertapenem  
	136 
	115 
	3 

	Tigecycline  
	336 
	103 
	3 

	Fosfomycin 
	888 
	124 
	3 

	Imipenem/Cilastatin  
	90 
	17 
	3 

	Linezolid  
	747 
	119 
	3 

	Daptomycin  
	1786 
	454 
	3 

	Amikacin 
	235 
	23 
	3 

	Teicoplanin  
	2036 
	191 
	3 

	Meropenem/ Vaborbactam  
	31 
	8 
	3 

	Meropenem  
	3294 
	557 
	3 

	Vancomycin 
	3486 
	205 
	3 

	Aztreonam  
	28 
	39 
	3 

	Clindamycin 
	721 
	144 
	2 

	Moxifloxacin 
	21 
	17 
	2 

	Oxacillin 
	214 
	10 
	2 

	Piperacillin /Tazobactam  
	23389 
	2994 
	2 

	Trimethoprim/Sulfamethoxazole  
	2908 
	655 
	2 

	Levofloxacin 
	6903 
	499 
	2 

	Ampicillin/Sulbactam  
	476 
	0 
	2 

	Ciprofloxacin  
	3284 
	402 
	2 

	Cefepime  
	261 
	94 
	2 

	Metronidazole  
	2968 
	247 
	2 

	Cefixime  
	43 
	43 
	1 

	Amoxicillin  
	9370 
	1596 
	1 

	Azithromycin  
	3654 
	626 
	1 

	Cefalexin 
	33 
	1 
	1 

	Cefotaxime 
	259 
	3 
	1 

	Nitrofurantoin 
	60 
	9 
	1 

	Cefoxitin 
	1493 
	105 
	1 

	Ceftazidime 
	963 
	43 
	1 

	Ceftriaxone 
	12823 
	1655 
	1 

	Clarithromycin  
	127 
	6 
	1 

	Ampicillin 
	262 
	70 
	1 

	Cefazolin 
	7895 
	896 
	0 


Table S1: Antibiotics included in the study alongside the number of courses in the combined training/validation dataset and the test dataset in which the antibiotic was used, and the assigned antibiotic class. 

2. Patient Ward Details
	Hospital Wards
	N
Patient Courses (Train+Val)
	N
Patient Courses (Test)

	General Medicine
	22894
	2961

	General Surgery 
	6054
	727

	Other surgical specialities
	9974
	1099

	Oncology and Haematology
	4000
	478

	Rehabilitation
	1394
	78

	Cardiothoracic and Vascular Surgery
	3590
	399

	Cardiology
	2319
	120

	Others
	1561
	127



Table S2: Hospital wards included in the study, alongside the number of courses for each ward.

3. Daily Aggregation of Laboratory Values and Vital Signs
Because multiple laboratory tests and vital signs could be recorded for a patient on the same day, we identified the daily worst recorded measurement to obtain a single representative value for each day of the antibiotic course. For both laboratory measurements and vital signs, this value corresponds to the greatest absolute deviation from the reference midpoint. While this approach simplifies the variability of the laboratory measurements and vital signs, it provides a standardized, reproducible criterion for flagging the most extreme value each day.
 Physiologically implausible values were filtered out beforehand to prevent unrealistic measurements from influencing the calculations.
4. Escalation and De-escalation of Antibiotics 
We added escalation and de-escalation variables to track shifts in the administered antibiotic spectrum. Each antibiotic was assigned a ‘class’ based on its spectrum (Table S1). An escalation event was recorded when a patient’s antibiotic treatment shifted to a higher class during a course, while a de-escalation event was recorded when the antibiotic treatment shifted to a lower class. These variables were encoded as binary indicators. 
5. Missing Data
[bookmark: _Hlk226028653]We included binary indicators for each laboratory and vital feature to denote whether the value was missing on a given day. We retained these indicators as features to assess whether missingness was associated with model outcomes. 
[bookmark: _Hlk226028761][bookmark: _Hlk226028773]To assess whether missingness was structured or random, a Pearson correlation matrix was computed across all binary missingness indicators (Figure S1). We found that there were two distinct clusters of missing variables. The first cluster, comprising blood and biochemical markers including haematocrit, haemoglobin, red blood cells, white blood cells, neutrophils, lymphocytes, platelets, creatinine and sodium, showed definite co-missingness. This is consistent with a full blood count panel not being ordered for a day or for a patient. The second cluster included vital data, which was, however, limited to less than 23.0%. Missingness patterns for laboratory measurements and vital signs showed limited correlation. Vital signs such as oxygen saturation (SpO₂), temperature, and arterial blood pressure measurements exhibited the highest missingness rates. This likely reflects intermittent or condition-dependent recording practices, particularly in cases where measurements are taken only when clinically indicated or during oxygen administration (Figure S2).
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Figure S1: Pearson correlation matrix of the binary missingness indicators across all clinical variables.
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Figure S2: Missingness rate by variable, expressed as the percentage of patient-days on which each feature was originally absent in the source record.

6. Data Imputation
A multi-step imputation strategy was implemented.
For laboratory measurements, except for procalcitonin, missing values were imputed using forward filling, carrying the most recent value forward until the last day of the course. For procalcitonin and the vital parameters, because of their high variability, the forward filling was restricted to a maximum of one day. 
For the remaining missing values after forward filling, we imputed them by sampling from a Gaussian distribution bounded by clinically plausible intervals. This ensured the feature could be included in the study while preserving the natural variability of measurements across patients. 
7. Model Development and Hyperparameter Tuning
We implemented the XGBoost model using the Scikit-learn library. Hyperparameters were tuned on the validation set using the area under the precision-recall curve (AUPRC) as the evaluation metric, with the Optuna library.1 Optimization was performed using Bayesian optimization over 50 trials, tuning learning rate, number of trees, tree depth, subsampling ratio, feature subsampling ratio, and regularization terms. The configuration achieving the highest validation AUPRC (0.39) was selected for the final model. The optimal parameters for the XGBoost model were learning rate = 0.049, number of trees = 432, maximum tree depth = 8, subsampling ratio = 0.86, feature subsampling ratio = 0.62, minimum child weight = 5, gamma = 3.88, L1 regularization = 1.24, and L2 regularization = 1.23. To address class imbalance, the minority class (stop) was assigned a higher weight during model training. The weight was calculated as the ratio of continue to stop labels. 
The LSTM model was implemented using Tensorflow/Keras. For this model, numerical features were first transformed using the Y Yeo-Johnson 2 to reduce skewness and stabilize variance, this step was followed by z-score standardization. 
Since the dataset included antibiotic courses of variable length, all time sequences were padded to the maximum length, and padded steps were masked to ensure that they did not contribute to model training.
The LSTM model consisted of a single LSTM layer with 32 hidden units, with a time distributed dense layer having a sigmoid activation that generates a daily probability output at each time step. Dropout regularization (rate = 0.2) and L2 weight regularization (L2 = 0.001) were used to reduce overfitting.
Given the large class imbalance, a customized class-weighted binary cross-entropy loss function was used. The model was trained using the Adam optimizer with a learning rate of 0.0005, for a maximum of 100 epochs. Early stopping was applied based on validation loss, with training terminated if no improvement was observed for 15 consecutive epochs. The parallel trajectory of the training and validation curves indicates a stable learning process with minimal evidence of overfitting.

8. Thresholds
The following table includes the thresholds used to translate the model outputs into a clinical recommendation (Stop/Continue antibiotic).  For the XGBoost model, we used a single threshold, while for the LSTM model, we used a day-specific threshold. (Table S3)
	[bookmark: _Hlk222474466]XGBOOST

	Threshold
	0.58



	LSTM

	Course Length (Days)
	Threshold

	3
	0.67

	4
	0.72

	5
	0.77

	6
	0.8

	7
	0.76

	8
	0.79

	9
	0.85

	10
	0.75

	11
	0.86

	12
	0.86

	13
	0.77

	14
	0.84

	15
	0.75

	16
	0.84

	17
	0.84

	18
	0.85

	19
	0.93

	20
	0.89


   	Table S3: The thresholds used for the XGBoost and the LSTM models, respectively.

9. Additional Evaluation Metrics 
In this section, we report additional performance metrics for both models complementing the results presented in the main manuscript. 
For the XGBoost model, patient course-level evaluation showed that alerts were generated in more than half of all cases (63.6%). The model correctly predicted antibiotic discontinuation (True Positives) in 56.9% of total cases, while only 6.7% of predictions occurred prematurely (False Positives). No alerts were generated in 36.4% of cases. Among these, discontinuation events were missed (False Negatives) in 29.2% of total cases, whereas 7.2% were correctly identified as non-stop cases (True Negatives).
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Figure S3: The course-level evaluation metrics for the XGBoost model. Here, for a 2-day anticipation window, the model alerted on 63.6% of the total courses.
For the LSTM model, a patient-day–level confusion matrix was generated. True Positives accounted for 7.5% of total cases, while the majority of cases were True Negatives (55.4%). The model missed discontinuation events (False Negatives) in 31.0% of cases and generated early predictions (False Positives) in 6.1% of cases.
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Figure S4: Patient-day–level evaluation metrics for the LSTM model using a 2-day anticipation window. 

10. Fairness Analysis for XGBoost and LSTM 
Subgroup analyses for sex and age were performed at the patient-day (row) level. AUROC and AUPRC metrics were calculated separately for each subgroup. For LSTM, all days in sequences were included. For XGBoost, rows with missing lag features were excluded. AUROC and AUPRC metrics indicated comparable performance across subgroups 
	Model
	Subgroup
	Group
	AUROC
	AUPRC
	N_rows

	XGBoost
	Sex
	Female
	0.746063
	0.355015
	17703

	XGBoost
	Sex
	Male
	0.750978
	0.346572
	27688

	XGBoost
	Age
	<65
	0.741627
	0.369069
	16030

	XGBoost
	Age
	≥65
	0.753083
	0.337766
	29361

	LSTM
	Sex
	Female
	0.694023
	0.234702
	17703

	LSTM
	Sex
	Male
	0.693931
	0.225511
	27688

	LSTM
	Age
	<65
	0.678724
	0.234415
	16030

	LSTM
	Age
	≥65
	0.699253
	0.223487
	29361


Table S4: Fairness analysis for XGBoost and LSTM models. 

11. Impact of Early Detection Window on Model Performance
To evaluate the clinical utility of early warning alerts, we assessed the model performance under three anticipation window definitions: exact-day matching (0 days), a 1-day anticipation window, and a 2-day anticipation window. Under the exact-day scenario, predictions were classified as true positives only if they occurred on the same day as the clinician's discontinuation decision. Under the 1 and 2-day scenarios, a course was classified as correctly detected if a positive prediction occurred on the discontinuation day or within the preceding 1 or 2 days, respectively. 
For both models, sensitivity increased as the anticipation window was extended because additional antibiotic courses were correctly detected by predictions generated before the discontinuation day. Precision also remained high across the three window definitions. The mean anticipation time increased with the width of the window, reflecting the greater opportunity to identify discontinuation earlier. These results demonstrate the trade-off between earlier detection and detection performance and support the use of the 2-day anticipation window for the primary analysis, providing up to two days of lead time while maintaining high precision. (Figures S5 and S6)
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Figure S5: Performance comparison across three anticipation window definitions for XGBoost at the antibiotic-course level (n = 6,984 courses).
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Figure S6: Performance comparison across three anticipation window definitions for LSTM at the antibiotic-course level (n = 6,984 courses).
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