


Supplementary File 2. Data extraction from the 16 studies 

	Ref
	Year
	Country / registry (data source)
	Cohort size
	Study design
	AI / ML methodology (features)
	Allocation integration
	Clinical outcomes reported
	Ethical / fairness aspects
	Validation & comparators
	Main performance / policy findings
	Author-stated limitations

	1
	2021
	Not specified (observational transplant data)
	NR
	Algorithm development & simulation
	Counterfactual survival model; interpretable queueing policy (donor & recipient vars)
	Yes – learns queueing/allocation rules
	Graft survival
	Model interpretability; no explicit fairness metric
	Internal (simulation vs. existing policy)
	Learned policy out-performed baseline allocation (details NR)
	NR

	2
	2021
	Not specified; real-world + semi-synthetic allocation data
	NR
	Algorithm development
	Representation-learning matcher (donor–recipient embeddings)
	Yes – individualized matching policy
	“Transplant outcome” (type NR)
	Not discussed
	Semi-synthetic + held-out real data; vs. expert rules
	Out-performs state-of-the-art human policy
	NR

	3
	2020
	Not specified
	NR
	Algorithm development
	Individual Treatment Effect (OrganITE) model
	Yes – recommends donor offers
	Predicted graft survival benefit
	Not discussed
	Cross-validation & simulation
	Improved outcome vs. status-quo offer order
	NR

	4
	2024
	United States (UNOS deceased-donor offer & transplant files)
	NR
	Retrospective model → simulated policy
	Gradient-boost + other ML to rank centers by acceptance probability
	Partly – expedites “hard-to-place” kidney routing (process optimisation)
	Acceptance / placement efficiency (no survival)
	Not discussed
	Internal test split; vs. current practice
	4× (10× for hard-to-place) fewer centres queried before placement
	Generalisability not assessed

	5
	2024
	US (UNOS) + UK (NHSBT)
	156,749 (train/val)
	Retrospective cohort
	Deep Cox mixture model (donor & recipient vars)
	Prediction only
	Death-censored graft survival
	Not discussed
	Internal (80/20) & external (UK); vs. KDRI / KDPI
	AUC 0.66–0.68; CTD 0.66; IBS 0.12
	Retrospective; modest AUC

	6
	2022
	US (UNOS kidney-exchange files)
	NR
	Algorithm dev + two Monte-Carlo simulators
	Quantile Random Forest (pair features)
	Decision-support (no rule change)
	Match probability, wait time, organ quality
	Not discussed
	External validation via two simulators; shift analysis
	Accurate forecasts despite distribution shift
	Simulation-only; future work needed

	7
	2021
	US (SRTR)
	NR
	Retrospective cohort
	Cox, RSF, DeepSurv, DeepHit, RNN (donor & recipient vars)
	Prediction only
	10-yr graft survival
	Not discussed
	Internal CV; C-index, Brier
	DeepHit C-index 0.661 vs. Cox 0.650
	Single registry; no practice impact

	8
	2023
	France (national registry over 20 yrs)
	NR
	Retrospective cohort
	NN + Cox; multi-task; SHAP explanations
	Prediction only
	Graft failure & patient death
	Transparency via SHAP
	Internal split; AUROC 10-yr graft 0.71, death 0.81
	NN ≈ Cox but interpretable
	Lack of external validation

	9
	2023
	Canada (Kidney Paired Donation)
	Simulated full program
	Dynamic simulation
	RL-style weight-learning with fairness penalties
	Yes – dynamic KPD allocation
	# transplants, wait time, cPRA fairness
	Egalitarian fairness metric; penalties vs. rewards
	1,000-run simulation; vs. static & reward-only
	Penalty scheme: +6 % transplants, −24 % wait, +10 % fairness
	Simulation only; real data pending

	10
	2015
	US (OPTN/UNOS live-donor 1987–2014)
	NR
	Dynamic matching framework
	FutureMatch ML + value-based optimiser
	Yes – forward-looking matching
	Long-term graft survival utility
	Incorporates human value weights
	Retrospective replay & simulation
	Out-performed myopic matching across metrics
	Early proof-of-concept

	11
	2019
	US (deceased-donor offers 2016)
	1,000 offers test set
	Decision-tree DSS
	Classification & survival DT (clinical & system vars)
	Patient-level “accept vs. wait”, not system allocation
	Survival benefit difference
	Patient utility weighting (individual)
	Accuracy vs. actual acceptances (61 %)
	Tool personalises marginal-kidney decisions
	1-yr horizon; illustrative

	12
	2024
	Not stated (multi-centre)
	NR
	Algorithm dev + web platform
	10 classic ML models; Gradient Boost best; custom ranker
	Candidate-ranking module (no system policy)
	Match suitability (proxy)
	None stated
	3 experimental setups; accuracy 98 %
	Ranker beats cosine/Jaccard
	Data coverage & equity not assessed

	13
	2019
	US (SRTR)
	NR
	Retrospective cohort
	Ensemble RSF + Cox (features per age strata)
	Prediction only
	5-yr graft survival
	None
	Internal CV; vs. EPTS
	C-index 0.724 vs. 0.697 (EPTS)
	Retrospective; external validity

	14
	2020
	Not specified
	NR
	Algorithm development
	Matching Networks (deep metric)
	Yes – individual allocation
	Outcome type NR
	NR
	NR
	NR
	NR

	15
	2023
	Concept / position paper
	–
	Conceptual framework
	Multi-objective ML (precision + fairness)
	Yes (proposed)
	NR
	Fairness–utility trade-off; explainability
	Conceptual
	Outlines roadmap; no empirical metrics
	Early stage; no data

	16
	2024
	Not specified
	NR
	Algorithm development
	XAI model; SHAP; regression
	Prediction only
	Graft survival (MSE 0.089), complications
	Transparency (XAI)
	Internal train/test
	Low MSE; promotes clinician trust
	Synthetic metrics; no survival curves
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