Supplementary Material
Predictive scheduling and closed-loop workflow control for endoscope reprocessing
This supplementary material provides the detailed dataset description, modelling specification, rule-engine logic, deployment configuration, monitoring plan, and statistical reporting framework supporting the main manuscript. It is organized to separate retrospective model validation from real-world before-and-after implementation outcomes.
S1. Dataset datasheet and analysis populations
The modelling dataset was derived from routine operational records collected at the Endoscopy Center of Jiaxing First Hospital in 2024. After data cleaning, temporal alignment, and de-identification, 303,024 event-level operational records were retained for model training, validation, and testing. These records represent operational events and aligned workflow observations, not unique patients or unique endoscopes.
Table S1. Data sources and feature categories used for model development.
	Data category
	Representative variables
	Primary role in the system

	Appointment records
	Appointment date, time slot, procedure type, room assignment
	Demand prediction and calendar-queue modelling

	Procedure records
	Start time, end time, procedure duration, diagnostic or therapeutic procedure type
	Duration and workload modelling

	Patient and diagnosis information
	Age, sex, outpatient/inpatient status, diagnosis, indication, ASA grade, infection-risk flags
	Procedure-complexity and risk adjustment after de-identification

	Physician and room data
	Physician identifier, shift, historical efficiency, room opening time, room utilization
	Physician-capacity and room-capacity estimation

	Endoscope usage records
	Scope type, availability, daily use count, compatibility, traceability status
	Scope allocation, shortage prediction, and compatibility checks

	Reprocessing records
	Cleaning mode, reprocessing start and end times, queue length, process completion status
	Reprocessing scheduling, timeout prediction, and workflow verification

	Staff roster
	Number of staff, shift type, role, workload, historical processing efficiency
	Staff-capacity estimation

	Device status
	Washer-disinfector availability, cycle capacity, slots, maintenance or fault state
	Device-capacity estimation and machine-wash routing

	Calendar and queue state
	Weekday, month, holiday flag, peak-hour indicator, queue length, recent backlog
	Temporal, seasonal, and congestion modelling



Implementation outcomes used endpoint-specific denominators because the study observed a fixed endoscope inventory moving repeatedly through clinical use, reprocessing, storage, and reuse. Quality-monitoring endpoints were based on routine surveillance samples, whereas routing endpoints were based on all completed reprocessing episodes. Therefore, the machine-wash denominator reflects cumulative reprocessing throughput rather than the number of unique endoscopes.
Table S2. Units of analysis and denominators for real-world implementation outcomes.
	Outcome
	Unit of analysis
	Baseline period
	Intervention period
	Interpretation of denominator

	Fixed endoscope inventory
	Unique endoscope
	137 endoscopes
	137 endoscopes
	Device inventory under observation; 83 gastroscopes and 54 colonoscopes in the main study cohort

	Visible-residue detection
	Sampled visual-inspection event
	725 inspections
	500 inspections
	Routine surveillance inspections; not exhaustive per-scope measurements

	ATP non-acceptance
	Sampled ATP audit
	30 audits
	 20 audits
	Five sampled scopes per month; summarized descriptively because all audits were acceptable

	Post-reprocessing culture positivity
	Sampled microbiological culture event
	78 cultures
	41 cultures
	Routine microbiological surveillance samples according to the center monitoring plan

	Machine-wash routing
	Completed reprocessing episode
	36,595 episodes
	23,489 episodes
	All completed reprocessing events; a single endoscope could contribute multiple episodes

	Same-day turnover time
	Same-day reuse interval for the same endoscope
	All eligible same-day intervals
	All eligible same-day intervals
	Interval from the end of one patient use to the start of the next patient use on the same calendar day



S2. Preprocessing and feature engineering
Preprocessing was performed before chronological data partitioning to obtain structured, temporally aligned model inputs. Direct personal identifiers were removed before analysis. Retained variables were used only for workload prediction, capacity estimation, reprocessing scheduling, and risk assessment.
Table S3. Preprocessing and feature-engineering procedures.
	Step
	Method
	Purpose

	De-identification
	Removal of names, phone numbers, identity numbers, and other direct identifiers
	Protect patient privacy before model development

	Data cleaning
	Handling missing values, outliers, duplicated records, and inconsistent timestamps
	Improve data quality and reduce implausible workflow observations

	Categorical encoding
	Encoding physician, room, procedure, scope, device, and staff categories
	Convert categorical variables into model-readable features

	Continuous-variable scaling
	Robust scaling or bounded transformation of continuous variables where required
	Reduce the influence of extreme values while preserving rank information

	Temporal alignment
	Synchronization of appointment, procedure, device, and reprocessing timestamps
	Align multi-source workflow events into event-level operational records

	Lag features
	Historical workload, previous queue size, recent scope use count, prior room utilization, and recent device availability
	Capture short-term and historical operational state

	Rolling features
	Moving averages, counts, and rates over recent operational windows
	Capture recent temporal trends and congestion

	Interaction features
	Cross-features between procedure type, physician, room, scope type, staff level, and device state
	Model operational dependencies across clinical and reprocessing resources



S3. Model card: prediction tasks, training configuration, and evaluation metrics
The predictive layer was evaluated retrospectively before clinical implementation. Model outputs were used as intermediate variables for downstream rule-based scheduling and safety verification; they were not used as direct release decisions.
Table S4. Prediction tasks and operational use of model outputs.
	Task type
	Target
	Output form
	Use in downstream workflow

	Regression
	Appointment volume
	Predicted case count
	Demand forecasting and staffing-resource anticipation

	Regression
	Procedure duration
	Predicted duration
	Room load, schedule pressure, and downstream reprocessing load estimation

	Regression
	Physician efficiency
	Continuous capacity-related estimate
	Physician-capacity estimation

	Regression
	Capacity-related variables
	Continuous capacity estimate
	Resource bottleneck estimation

	Classification
	Shortage risk
	Predicted probability
	Shortage warning and capacity adjustment

	Classification
	Timeout risk
	Predicted probability
	Delay warning and queue prioritization

	Classification
	Lockout risk
	Predicted probability
	Pre-use safety monitoring and risk prioritization



Table S5. Model training configuration.
	Item
	Setting

	Dataset
	Full-year 2024 operational data from Jiaxing First Hospital Endoscopy Center

	Final modelling dataset
	303,024 event-level operational records after cleaning, temporal alignment, and de-identification

	Split strategy
	Chronological split

	Train/validation/test ratio
	70% / 15% / 15%

	Model family
	Gradient boosting decision trees

	Regression tasks
	Appointment volume, procedure duration, physician efficiency, and capacity-related estimates

	Classification tasks
	Shortage risk, timeout risk, and lockout risk

	Hyperparameter tuning
	Validation-set selection

	Stopping strategy
	Early stopping based on validation loss

	Final evaluation
	Held-out chronological test set

	Clinical-use status during validation
	Offline retrospective validation only; predictions did not guide clinical workflow during this stage



Table S6. Hyperparameter search space and model training configuration for gradient boosting decision tree models.
	Configuration item
	Implementation parameter
	Candidate values or setting
	Selection rationale

	Learning rate
	learning_rate
	0.03, 0.05
	Balanced convergence speed and generalization stability

	Maximum number of boosting iterations
	num_iterations
	3,000-5,000
	Upper training limit; final iteration selected by validation-set early stopping

	Maximum number of leaves
	num_leaves
	63, 127
	Controlled the complexity of individual trees

	Maximum tree depth
	max_depth
	7-9
	Constrained tree growth jointly with num_leaves

	Minimum number of samples per leaf
	min_data_in_leaf
	300, 500, 1,000
	Reduced overfitting in the large structured dataset

	Minimum split gain
	min_gain_to_split
	0, 0.01, 0.05, 0.10
	Prevented weak splits with limited expected generalization benefit

	Feature subsampling fraction
	feature_fraction
	0.70, 0.85, 1.00
	Reduced dependence of each tree on the full feature set

	Instance subsampling fraction
	bagging_fraction
	0.70, 0.85, 1.00
	Reduced model variance when combined with bagging frequency

	Bagging frequency
	bagging_freq
	1, 5
	Controlled the frequency of instance resampling during boosting

	L1/L2 regularization
	lambda_l1 / lambda_l2
	0, 0.1, 1, 10
	Selected on the validation set to improve generalization

	Data partitioning
	chronological split
	70% / 15% / 15%
	Emulated prospective deployment and limited future-information leakage

	Training hardware
	CPU and memory
	8-16 CPU cores; 32-64 GB RAM
	Structured tabular-model training was primarily CPU-based

	GPU acceleration
	GPU
	Optional
	Used only as an optional offline training accelerator; not required for online inference



The following notation was used for model evaluation. denotes the observed outcome,  denotes the predicted continuous value,  denotes the predicted probability of a binary event, and n denotes the number of observations.
Table S7. Evaluation metrics used for retrospective model validation and offline decision-layer assessment.
	Task
	Metric
	Formula

	Appointment-volume prediction
	MAE
	

	Appointment-volume prediction
	RMSE
	

	Appointment-volume prediction
	WAPE
	

	Appointment-volume prediction
	MASE
	

	Appointment-volume prediction
	
	

	Risk classification
	AUROC
	

	Risk classification
	Brier score
	

	Machine-washing scheduling
	Machine-washing success rate
	

	Pre-use verification
	Blocking rate
	




S4. Rule engine and closed-loop workflow-control specification
The deployed system was not an end-to-end automated decision maker. Predictive outputs were passed to deterministic and auditable rules that incorporated capacity, queue state, washer availability, batch readiness, waiting-time constraints, IFU compatibility, and lockout state.
Table S8. Rule-based decision logic.
	Decision module
	Rule input
	Decision output

	Effective capacity inference
	Physician, room, scope, staff, and device availability
	Current bottleneck capacity

	Shortage detection
	Predicted demand, effective capacity, demand-capacity gap, and shortage probability
	Shortage alert or normal operation

	Machine-wash priority
	Scope type, batch size, washer availability, expected waiting time, and expected completion time
	Machine-wash assignment

	Manual fallback
	Batch not ready, waiting exceeds threshold, device unavailable, or expected manual completion is faster
	Manual high-level disinfection/sterilization pathway

	Alert prioritization
	Risk probability, queue length, timeout state, and lockout state
	Low, medium, high, or critical alert

	Pre-use release
	Traceability, reprocessing completion, hang-time validity, IFU compatibility, and lockout state
	Release or block use with alert and audit log



Table S9. Risk-score components.
	Component
	Source
	Operational interpretation

	Waiting-time risk
	Queue and reprocessing timestamps
	Delay risk

	Shortage probability
	GBDT classification output
	Probability of resource shortage

	Timeout probability
	GBDT classification output
	Probability of process delay

	Lockout probability
	GBDT classification output
	Probability of unsafe or locked state

	Queue backlog
	Real-time queue state
	Operational congestion

	Batch-delay risk
	Machine-washing batch state
	Delayed batch initiation



S5. Alert definitions and closed-loop disposition
The intervention generated alerts for predefined high-risk workflow deviations. Alerts were designed to trigger before the overdue threshold so that staff could convert a delayed transition into a recoverable event.
Table S10. Alert definitions used during implementation.
	Alert type
	Trigger condition
	Timely resolution definition
	Overdue definition
	Disposition

	Post-rinse transition alert
	A gastrointestinal endoscope had not entered disinfection or automated reprocessing within 2.5 hours after rinsing
	Entry into disinfection or automated reprocessing before 3 hours
	Unresolved beyond 3 hours
	Dashboard/audio/mobile alert; workflow follow-up and audit log

	Post-reprocessing closure alert
	A reprocessed endoscope had neither been returned to storage nor reused clinically within 3.5 hours after completion of reprocessing
	Storage or clinical reuse before 4 hours
	Unresolved beyond 4 hours
	Dashboard/audio/mobile alert; classified as not returned to storage or not reused



S6. Deployment configuration
[bookmark: OLE_LINK11]The system was deployed within the hospital intranet as a server-side prediction and workflow-decision service. Offline model training was performed on CPU-based servers, with optional GPU acceleration where supported. Online inference used CPU resources and did not require GPU deployment.
Table S11. Deployment configuration.
	Layer
	Function
	Implementation

	Data integration layer
	Synchronize appointment, procedure, reprocessing, staff, device, and queue records
	Hospital intranet and relational database

	Model inference layer
	Generate demand, duration, capacity, and risk predictions
	Server-side CPU inference

	Rule engine
	Apply batch, capacity, waiting-time, IFU, and safety rules
	Rule-based scheduling service

	Operational terminals
	Display tasks, alerts, release/block status, and audit records
	Windows, Linux, and Android terminals

	Management dashboard
	Monitor KPIs, bottlenecks, audit logs, and model performance
	Web or native dashboard

	Feedback loop
	Collect outcomes, delays, alerts, blocked uses, and user feedback
	Periodic rule update and model retraining



S7. Model monitoring and updating
New operational data were continuously accumulated for monitoring and model updating. At update cycle k, newly accumulated data were added to the training pool after data cleaning, de-identification, and quality checks:

Model drift was monitored by comparing recent deployment-period errors with baseline validation-period errors:

When prediction error, calibration drift, data distribution shift, or workflow rule mismatch exceeded predefined operational thresholds, the system triggered model recalibration, model retraining, or rule-engine review. Thresholds were prespecified by the implementation team and could be adjusted through governance review rather than ad hoc user override.
S8. Monthly machine-wash routing during the study periods
The following table reports monthly manual-pathway and machine-wash routing counts. July and August were implementation and staff-training months and were not included in the baseline or intervention outcome comparison.
[bookmark: OLE_LINK12]Table S12. Monthly machine-wash routing rates for endoscope reprocessing.
	Month
	Total reprocessing events, n
	Manual pathway, n
	Manual pathway, %
	Machine-wash pathway, n
	Machine-wash pathway, %

	Jan.
	4,492
	1,182
	26.31
	3,310
	73.69

	Feb.
	5,933
	1,512
	25.48
	4,421
	74.52

	Mar.
	6,680
	1,615
	24.18
	5,065
	75.82

	Apr.
	6,563
	1,469
	22.38
	5,094
	77.62

	May
	6,462
	1,492
	23.09
	4,970
	76.91

	Jun.
	6,465
	1,143
	17.68
	5,322
	82.32

	Sept.
	6,128
	874
	14.26
	5,254
	85.74

	Oct.
	6,383
	683
	10.70
	5,700
	89.30

	Nov.
	5,038
	380
	7.54
	4,658
	92.46

	Dec.
	5,940
	377
	6.35
	5,563
	93.65





S9. Statistical reporting framework for implementation outcomes
Implementation outcomes were analyzed as real-world before-and-after comparisons between the baseline and intervention periods. Statistical comparisons should be interpreted as unadjusted between-period associations rather than randomized causal effects.
Table S13. Statistical analysis plan for real-world implementation outcomes.
	Outcome domain
	Measure
	Primary comparison
	Reporting recommendation

	Visible cleaning outcome
	Visible-residue detection rate
	Chi-square test; Fisher exact test if expected cell counts are small
	Counts, percentages, absolute rate difference, 95% CI, and P value

	ATP monitoring
	ATP non-acceptance rate
	Descriptive summary because no between-period variation was observed
	Counts and percentages; no inferential emphasis

	Microbiological surveillance
	Post-reprocessing culture positivity rate
	Chi-square test or Fisher exact test when expected cell counts are small
	Counts, percentages, absolute rate difference, 95% CI, and P value; interpret with caution due to surveillance sampling

	Workflow routing
	Manual-pathway processing rate and machine-wash routing rate
	Chi-square test
	Counts, percentages, absolute rate difference, 95% CI, and P value

	Workflow efficiency
	Mean same-day turnover time
	Independent-samples t test for primary unadjusted comparison; median and IQR may be reported if skewed
	Mean difference with 95% CI and P value

	Alert outcomes
	Timely resolution and overdue events
	Descriptive summary by alert type and month
	Counts, proportions, and disposition categories



Because the same endoscope could contribute multiple reprocessing events or same-day turnover intervals, repeated observations and secular changes over time may affect statistical precision. If item-level data are available, sensitivity analyses using cluster-robust standard errors, generalized estimating equations, mixed-effects models, or monthly interrupted time-series summaries can be used to assess robustness. If such analyses are not performed, this limitation should be stated explicitly in the main manuscript.
S10. Suggested wording for denominator interpretation
Denominators reflect the unit of analysis for each endpoint. Visual inspection and culture outcomes were based on sampled quality-monitoring events, whereas machine-wash routing was based on all completed reprocessing episodes during the corresponding period. Because the same endoscope could be used and reprocessed multiple times, the reprocessing-event denominator exceeded the number of unique endoscopes under observation.
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