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Abstract7

Analysing right-censored data with competing events as multi-class classification is a mis-8

specification that recurs across clinical prediction benchmarks: it discards follow-up time and9

mismodels competing events as static labels. We study a widely-used instance, the Mayo pri-10

mary biliary cirrhosis (PBC) cohort (418 patients), a machine-learning (ML) benchmark usu-11

ally cast as three-class classification in which death and transplantation compete. We recast12

it as competing-risks survival and ask whether ML beats the five-variable Mayo score. Un-13

der a leakage-free cross-validation protocol we compared seven models (Mayo score, Cox, pe-14

nalized Cox, random survival forests, gradient-boosted survival, DeepSurv, DeepHit), fitted15

cause-specific competing-risks models, and added longitudinal landmark and external-dataset16

analyses. Discrimination was high but flat across model families (Harrell’s C 0.81–0.83). No17

ML model, deep networks included, beat the Mayo score (C = 0.833, integrated Brier 0.143):18

a ceiling set by the static variables, not model capacity. The transplant outcome, poorly pre-19

dicted by classifiers (F1 ≈ 0.21), reached cross-validated concordance 0.82 (25 events; 95% CI20

0.80–0.84) as a competing event. Cause-specific models recovered opposite age effects: older21

age raised the death hazard (HR 1.36 per SD) but lowered the transplant hazard (HR 0.7422

per SD), structure the three-class formulation cannot express. Longitudinally, a baseline mea-23

surement’s death-risk concordance decayed from 0.87 to 0.64 over six years but was restored to24

0.78 by the most recent measurement (paired ∆C up to +0.14). Correcting the formulation,25

not adding complexity, yields calibrated, coherent risk for both competing outcomes; on small26

tabular clinical data, problem formulation matters more than model sophistication.27

Keywords: liver cirrhosis; survival analysis; competing risks; machine learning; benchmark re-28

examination; reproducibility; clinical risk prediction29

1 Introduction30

A recurring methodological problem in clinical prediction is that right-censored time-to-event data31

with competing events are analysed as multi-class classification. This substitutes a wrong estimand32

for the prognostic one: it discards follow-up time and treats a competing event as a static outcome33

label, biasing absolute-risk estimates and obscuring cause-specific structure. The consequences are34

concrete and measurable in a widely-used cirrhosis outcome benchmark, which we use as the worked35

instance throughout this paper.36

Liver cirrhosis is a leading cause of morbidity and mortality worldwide, responsible for over a37

million deaths annually and a substantial healthcare burden [1]. Accurate prognostication is central38
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to its management. It guides the timing of interventions, the prioritisation of candidates for liver39

transplantation, and the allocation of scarce resources. Decades of clinical research have produced40

validated prognostic scores for this purpose, of which the Mayo PBC natural-history model [2] and41

the Model for End-Stage Liver Disease (MELD) [3] are the most established.42

The public “Cirrhosis Patient Survival Prediction” dataset [2, 4], comprising 418 patients from43

the Mayo Clinic PBC trial, has become a popular machine-learning (ML) benchmark. Most anal-44

yses, including numerous student and applied-ML studies, treat it as a three-class classification45

problem. They predict the recorded status label (alive, transplanted, or deceased) with classifiers46

such as random forests and gradient boosting, frequently combined with synthetic minority over-47

sampling (SMOTE) [5] to counter class imbalance [6, 7]. Reported macro-F1 scores hover around48

0.6. The transplant class is invariably the worst predicted, with F1 scores near 0.21.49

This framing answers the wrong question for prognosis. The dataset records, for each patient,50

a follow-up time and a terminal status. Patients still alive at last contact are right-censored, not51

negative examples, and a patient who receives a transplant is removed from the at-risk pool for52

death. Death and transplantation are therefore competing risks [8, 9]. Predicting the realised status53

under fixed administrative follow-up is itself a coherent task, but it is not the prognostic question:54

ordinary classification discards the follow-up time and mismodels transplantation as a static label55

rather than a competing event, which is precisely why the transplant class defeats classifiers. For56

the clinically relevant absolute-risk and cause-specific estimands, the correct formulation is time-57

to-event survival analysis with competing risks.58

This paper is a critical re-examination of that practice. We quantify what the mis-specification59

costs, provide the principled competing-risks treatment, and release a reproducible framework so60

the benchmark can be analysed correctly. Our contributions are:61

1. We recast the benchmark as competing-risks survival, modelling death and transplantation62

as competing events, and characterise the cumulative incidence and cause-specific predictors63

of each. Recent work has applied single-event survival models to this cohort [10], but, to our64

knowledge, none treat death and transplantation as competing events, and none benchmark65

against the established clinical score.66

2. We benchmark seven survival models, from the historical Mayo clinical score to deep neu-67

ral survival networks (DeepSurv, DeepHit), under a leakage-free protocol with survival-68

appropriate metrics.69

3. We show that discrimination is flat across all model families and that no ML model beats70

the five-variable Mayo score. This is evidence of a ceiling set by the static feature set rather71

than by model capacity, consistent with the broader finding that simple models are hard to72

beat on small tabular clinical data.73

4. We quantify what the reframing expresses that classification cannot. Modelled as a competing74

event, the transplant outcome is discriminated with cross-validated C = 0.82 (25 events; 95%75

CI 0.80–0.84); a classifier’s per-class F1 (near 0.21 in prior work) and a concordance index are76

not comparable, but only the survival formulation yields time-resolved competing-event risk.77

The treatment also recovers clinically-established structure that a three-class model cannot78

represent: the opposite directions in which age acts on death versus transplant, consistent79

with referral and listing practice [11].80

5. We extend the analysis to the longitudinal cohort, showing with time-varying competing-risks81

models and landmarking that a baseline measurement’s prognostic value decays over follow-82

up but is recovered by updating biomarkers, a dynamic prediction gain no prior work on this83

cohort captures.84
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6. We show, across three further clinical datasets, that the benefit of model complexity scales85

with sample size and is negligible at the cirrhosis cohort’s scale, contextualising the null86

model-comparison result.87

7. We release the complete, leakage-free pipeline as an openly reproducible framework for competing-88

risks survival analysis of this and comparable clinical cohorts.89

2 Background and Related Work90

Clinical prognostic scores. Cirrhosis prognosis has long relied on rule-based scores. The Child–91

Pugh score and MELD [3] are widely used, the latter combining serum creatinine, bilirubin and the92

international normalised ratio (INR) to predict short-term mortality. For primary biliary cirrhosis93

specifically, the Mayo natural-history model [2] predicts survival from five routinely available vari-94

ables (bilirubin, albumin, age, prothrombin time and edema) and was derived on the very cohort95

distributed as this dataset. MELD cannot be computed here, because the dataset contains neither96

serum creatinine nor INR. Its Prothrombin field is prothrombin time in seconds, from which INR97

is not recoverable without the laboratory ISI and control time. The Mayo PBC score, by contrast,98

uses only variables present in the data and is therefore the appropriate clinical baseline. Two con-99

temporary PBC-specific scores, the GLOBE score [12] and the UK-PBC risk score [13], are likewise100

non-computable here, as they require treatment-response biochemistry and markers absent from101

this dataset. More recent work has explored dynamic, longitudinally-updated models for cirrhosis102

survival [14].103

ML on this dataset. Most ML studies on this dataset are classification-based. Representative104

examples predict the status label with tree ensembles and neural networks [6], and the dataset105

underpinned a multi-class prediction competition [7]. Such studies use N Days only as a static106

feature, if at all, and treat transplantation as an ordinary label. Recently, Obite et al. [10] did107

apply single-event survival models to this PBC cohort, comparing Cox, random survival forests,108

DeepSurv, DeepHit and a proposed factor-enhanced DeepSurv by concordance and Brier score,109

and confirmed that the data are better treated as time-to-event. That work censors the competing110

transplant event rather than modelling it, and does not benchmark against the historical clinical111

score. Our contribution is distinct on both counts: we model death and transplantation as competing112

events, and we benchmark every model against the Mayo PBC score. That is the gap this paper113

addresses.114

Survival machine learning. Beyond the semiparametric Cox proportional-hazards model [15],115

ML survival methods include random survival forests [16] and, more recently, neural approaches116

such as DeepSurv (a neural Cox model) [17] and DeepHit (a discrete-time model with native117

competing-risks support) [18]. Whether such models outperform Cox or simple clinical scores on118

small tabular datasets is contested. On general tabular data, a recurring finding is that tree en-119

sembles and well-specified simple models are hard to beat with deep networks when sample sizes120

are limited [19, 20]; we test whether this pattern holds in the survival setting.121

Competing risks. When several event types preclude one another, analysing one while cen-122

soring the others biases absolute-risk estimates [8]. Two complementary models are standard, each123

answering a different question [21]. Cause-specific Cox models (one hazard per event type) address124

aetiological questions, while the Fine–Gray subdistribution-hazard model [9] addresses absolute125

risk, with the Aalen–Johansen estimator [22] providing nonparametric cumulative incidence.126
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3 Materials and Methods127

3.1 Dataset and cohort128

We used the Mayo PBC cohort (UCI “Cirrhosis Patient Survival Prediction”) [2, 4]. The cohort is129

specifically primary biliary cirrhosis (now primary biliary cholangitis), an autoimmune cholestatic130

disease, so it is not representative of cirrhosis from viral, alcoholic or metabolic causes; we retain131

the historical name to match the dataset. It comprises 418 patients with a follow-up time (N Days)132

and terminal status (“C” for censored/alive, n = 232; “D” for death, n = 161; “CL” for censored at133

liver transplant, n = 25), plus 17 demographic, clinical and laboratory variables. Median follow-up134

was 1730 days (range 41–4795). Several laboratory variables had substantial missingness, reflecting135

the well-known structure in which 106 patients enrolled without the full panel. Missing values were136

imputed inside each cross-validation fold (below).137

3.2 Survival reformulation138

We replaced the three-class target with time-to-event structure. For overall survival, the event139

was death and transplantation was treated as a competing event (cause-specific censoring). We140

additionally defined the transplant endpoint, with transplant as the event and death censored. For141

the competing-risks description we used the event code {0 : censored, 1 : death, 2 : transplant}.142

3.3 Clinical baseline: the Mayo PBC score143

As the clinical reference we computed the Mayo natural-history risk score [2],144

R = 0.871 ln(bilirubin)− 2.53 ln(albumin)

+ 0.039 age + 2.38 ln(prothrombin) + 0.859 edema,

with edema coded 0/0.5/1. We used the score as a single-covariate Cox model, fitting the baseline145

hazard within each training fold so that it produces calibrated absolute-risk curves comparable to146

the other models.147

3.4 Survival models148

We compared seven models: (i) the Mayo score; (ii) Cox proportional hazards [15] with ridge149

stabilisation; (iii) penalized Cox (elastic net); (iv) random survival forests [16]; (v) gradient-boosted150

survival (Cox loss); (vi) DeepSurv [17]; and (vii) DeepHit [18]. Tree and deep models used all 17151

variables.152

3.5 Preprocessing153

All preprocessing was fit inside each training fold to prevent leakage, a flaw in prior analyses154

that preprocess before splitting. Numerical variables were median-imputed, log-transformed where155

skewed, and standardised. Categorical variables were mode-imputed and one-hot encoded. We156

applied no oversampling (e.g. SMOTE), because resampling is inappropriate for censored survival157

data.158
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3.6 Competing-risks analysis159

We estimated cause-specific cumulative incidence functions for death and transplantation with the160

Aalen–Johansen estimator [22], and fit cause-specific Cox models for each event (a parsimonious161

three-covariate model for the rare transplant endpoint). Continuous covariates were standardised,162

so hazard ratios are per standard deviation.163

3.7 Dynamic analysis on the longitudinal cohort164

The static benchmark uses a single measurement per patient. To test whether updating biomark-165

ers over follow-up improves prediction, we additionally analysed the sequential Mayo PBC data166

(pbcseq: 312 patients, 1945 serial measurements), which carries the same competing outcomes. We167

fit time-varying cause-specific Cox models (counting-process format) for death and transplantation168

using the most recent bilirubin, albumin, prothrombin time, edema and age. We then performed169

a landmark analysis at 2, 4 and 6 years. Among patients still at risk, we predicted 3-year death170

risk from either the baseline (day-0) measurement or the most recent measurement carried forward,171

comparing repeated 5-fold cross-validated concordance between the two covariate sets.172

3.8 Generalisation across datasets173

To test whether the limited benefit of model complexity is specific to the small cirrhosis cohort or174

reflects a broader pattern, we replicated the simple-versus-complex comparison on three widely-175

used public clinical survival datasets via pycox: METABRIC (n = 1904), GBSG (n = 2232)176

and SUPPORT (n = 8873). On each we compared Cox against random survival forests, gradient177

boosting and DeepSurv under the same standardised, repeated stratified cross-validation, reporting178

Harrell’s concordance.179

3.9 Transportability to an independent cohort180

We assessed whether a model fit on the Mayo PBC cohort transports to an independent cirrhosis181

cohort, using the Cirrhosis subgroup of the SUPPORT study (n = 508). Only markers common to182

both cohorts were available, namely bilirubin, albumin and age, because SUPPORT records neither183

prothrombin time nor edema. We therefore trained a 3-covariate cause-specific death model on the184

PBC cohort and applied it to SUPPORT. SUPPORT enrolled acutely hospitalised, severely ill185

patients, so case-mix and baseline risk differ markedly between the two cohorts. We accordingly186

evaluated discrimination (transportability of risk ordering, Harrell’s C) rather than absolute-risk187

calibration, for the death endpoint, since transplant is not ascertained as a competing event in188

SUPPORT.189

3.10 Evaluation190

Models were evaluated by repeated stratified 5-fold cross-validation (4 repeats, stratified on event191

type to balance the rare transplant cases). Confidence intervals were obtained by bootstrapping the192

per-fold metric values; they therefore reflect cross-validation variability rather than independent193

patient-level resampling, and on the rarest strata (the 25-event transplant endpoint and the later194

landmarks) they should be read as lower bounds on the true sampling uncertainty. The metrics195

were Harrell’s [23] and Uno’s [24] concordance indices, time-dependent AUC at 1/3/5 years, and the196

integrated Brier score [25]. Calibration was assessed at five years against Kaplan–Meier estimates.197

Reporting follows the TRIPOD guideline [26].198
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Table 1: Cohort characteristics by outcome. Continuous values are median [IQR].

Overall Alive Death Transpl.

n 418 232 161 25
Age, y 51 [43–58] 50 [41–57] 53.5 [47–61] 41 [37–47]
Bilirubin, mg/dL 1.4 [0.8–3.4] 0.9 [0.6–1.6] 3.2 [1.4–7.1] 3.1 [1.3–3.5]
Albumin, g/dL 3.5 [3.2–3.8] 3.6 [3.4–3.8] 3.4 [3.1–3.6] 3.5 [3.2–3.8]
Prothrombin, s 10.6 [10–11.1] 10.4 [9.9–10.8] 11.0 [10.5–11.8] 10.3 [10–10.7]
Mayo score 4.8 [4.1–5.9] 4.3 [3.8–4.8] 6.0 [5.0–6.8] 5.0 [4.4–5.2]
Ascites 6% <1% 14% 0%
Stage 4 34% 22% 52% 40%

3.11 Implementation199

Analyses used scikit-survival 0.27 [27], lifelines 0.30 and pycox 0.3 in Python 3.13, with a200

fixed random seed (42) throughout for reproducibility. The proportional-hazards assumption was201

checked by Schoenfeld residual tests. Code and the full pipeline are available (see Data Availability).202

4 Results203

4.1 Cohort204

Table 1 summarises the cohort by outcome. Deceased patients were older, with higher bilirubin205

and Mayo scores. Transplanted patients were markedly younger (median age 41 vs. 53.5 years for206

deaths) at a similar median bilirubin (3.1 vs. 3.2 mg/dL, though over a narrower range), an early207

signal of the competing-risks structure.208

4.2 Cumulative incidence of competing outcomes209

The Aalen–Johansen cumulative incidence (Fig. 1) shows death accumulating steadily (7.2%, 19.7%210

and 29.2% at 1, 3 and 5 years) while transplantation remained rare (0%, 2.4%, 4.5%). Treating211

transplantation as just another class ignores both its rarity and its competing relationship with212

death.213

4.3 Discrimination is flat across model families214

All seven models achieved high and statistically indistinguishable discrimination for the death215

endpoint (Table 2; Supplementary Fig. S1). Harrell’s C ranged only from 0.812 (DeepHit) to 0.833216

(Mayo). No ML model, whether linear, penalized, ensemble or deep, outperformed the five-variable217

Mayo clinical score, which also achieved the best integrated Brier score (0.143). The deep models218

(DeepSurv, DeepHit) were no better, and DeepHit calibrated worst (IBS 0.202), consistent with219

deep discrete-time models being data-hungry. This flatness indicates that the ∼0.83 ceiling is set220

by the information in this static set of variables rather than by model capacity; the longitudinal221

analysis below shows that further signal becomes available when measurements are updated over222

time.223

Two checks support this reading. First, paired per-fold comparisons against the Mayo score224

confirm the flatness statistically rather than by eye: Cox, penalized Cox, random survival forests225

and DeepSurv were indistinguishable from the score (paired ∆C 95% CIs included zero), while226

gradient boosting (∆C −0.012 [−0.022, −0.003]) and DeepHit (−0.021 [−0.033, −0.011]) were227

significantly worse. Second, the ceiling is not an artefact of the Mayo score’s coefficients having228
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Figure 1: Cumulative incidence of death and liver transplantation (Aalen–Johansen, with 95%
confidence bands).

been derived on this cohort: refitting a Cox model on the same five variables inside each fold229

gave identical discrimination (C = 0.832 vs. 0.833 for the fixed score; paired ∆C −0.001 [−0.006,230

+0.004]), so the externally-fixed score holds no in-sample advantage here.231

4.4 Augmenting the clinical score does not help232

Adding the biomarkers the Mayo score omits (copper, SGOT, platelets, cholesterol, alkaline phos-233

phatase, fibrosis stage, ascites, and others) on top of the score yielded no improvement. The paired234

∆Harrell’s C was +0.0006 (95% CI −0.005, +0.006) for a Cox extension and negative for a boosted235

extension. The established five-variable score is effectively at the information ceiling of this cohort.236

4.5 Generalisation: complexity helps only as data grow237

Replicating the comparison on three external clinical datasets (Table 3; Supplementary Fig. S2)238

indicated that the limited value of complexity is consistent with a sample-size-dependent pattern239

and not specific to the cirrhosis cohort. These datasets are single-event, so they bear only on the240

complexity-versus-Cox question, not on the competing-risks or clinical-score comparisons central241

to the cirrhosis analysis. On the small-to-moderate datasets, complex models barely exceeded242
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Table 2: Death-endpoint discrimination and calibration across model families (repeated stratified
CV; 95% bootstrap CI). Best value per column in bold.

Model Harrell’s C Uno’s C AUC @ 5y IBS (lower better)

Mayo PBC score 0.833 [0.815, 0.852] 0.787 [0.764, 0.809] 0.907 [0.886, 0.926] 0.143 [0.130, 0.157]
Cox PH 0.830 [0.813, 0.847] 0.774 [0.755, 0.792] 0.904 [0.882, 0.922] 0.151 [0.138, 0.165]
Coxnet (elastic net) 0.833 [0.815, 0.849] 0.779 [0.761, 0.797] 0.906 [0.885, 0.925] 0.149 [0.136, 0.163]
Random survival forest 0.826 [0.810, 0.841] 0.787 [0.771, 0.805] 0.894 [0.874, 0.913] 0.153 [0.144, 0.162]
Gradient boosting 0.821 [0.805, 0.836] 0.772 [0.757, 0.787] 0.891 [0.871, 0.909] 0.153 [0.141, 0.165]
DeepSurv 0.828 [0.810, 0.845] 0.772 [0.751, 0.790] 0.896 [0.874, 0.916] 0.154 [0.141, 0.167]
DeepHit 0.812 [0.797, 0.827] 0.768 [0.752, 0.784] 0.891 [0.872, 0.910] 0.202 [0.184, 0.223]

Table 3: Harrell’s C across three external clinical survival datasets (repeated stratified CV).

Dataset n Cox RSF GBM DeepSurv

METABRIC 1904 0.635 0.643 0.642 0.627
GBSG 2232 0.661 0.673 0.675 0.672
SUPPORT 8873 0.570 0.615 0.615 0.611

Cox (METABRIC, n = 1904: best gain +0.008; GBSG, n = 2232: +0.014), and DeepSurv was243

occasionally worse. Only on the large SUPPORT dataset (n = 8873) did they gain materially (up244

to +0.046). The cirrhosis cohort (n = 418) lies at the small-data end of this range, where little245

benefit from complexity should be expected, consistent with no model beating the clinical score.246

4.6 Both competing endpoints are well predicted247

Under cross-validation, both endpoints were discriminated well (Table 4). The death endpoint248

reached Harrell’s C = 0.826 (95% CI 0.816, 0.836). The transplant endpoint reached Harrell’s C249

= 0.822 (95% CI 0.799, 0.843) and Uno’s C = 0.813 (0.790, 0.836) when modelled as a competing250

event, encouraging discrimination, though necessarily imprecise given only 25 events. Classification251

approaches predict this outcome poorly (F1 ≈ 0.21). An F1 score and a concordance index are not252

directly comparable, but the qualitative point holds. A classifier cannot express time-resolved risk253

for a rare competing event. The survival formulation can.254

4.7 Cause-specific predictors: opposite age effects255

Cause-specific Cox models (Table 5; Supplementary Fig. S3) recovered structure that classification256

cannot represent. Death was driven by older age (HR 1.36 per SD, 95% CI 1.16–1.59), higher257

bilirubin (HR 1.89, 1.57–2.28), edema (HR 2.26, 1.32–3.87) and advanced fibrosis (stage 4 HR258

1.56, 1.10–2.22), with albumin protective. The apparent (in-sample) cause-specific concordance259

for death was 0.85. For age, the transplant hazard moved in the opposite direction (HR 0.74260

per SD, 0.58–0.95): younger patients with deteriorating liver function (higher bilirubin, HR 1.30,261

1.01–1.67) were preferentially transplanted, while older patients with the same biochemistry died.262

This pattern is clinically established. It reflects referral and listing practice rather than biology;263

because the cohort was enrolled in 1974–1984, before MELD-based allocation, the mechanism is era-264

appropriate candidate selection, though its direction matches the modern competing-risks waitlist265

literature in which younger candidates are preferentially transplanted while older listed patients266

die [11]. It serves here as a validity check. The competing-risks treatment reproduces it directly,267

whereas collapsing the two events into one label makes the distinction structurally inexpressible.268
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Table 4: Cross-validated discrimination for each competing endpoint (cause-specific Cox; 95%
bootstrap CI).

Endpoint Events Harrell’s C Uno’s C

Death 161 0.826 [0.816, 0.836] 0.779 [0.764, 0.793]
Transplant 25 0.822 [0.799, 0.843] 0.813 [0.790, 0.836]

Table 5: Cause-specific hazard ratios (per SD for continuous covariates). Selected covariates; full
model in the repository.

Covariate Death HR [95% CI] Transplant HR [95% CI]

Age 1.36 [1.16, 1.59] 0.74 [0.58, 0.95]
Bilirubin (log) 1.89 [1.57, 2.28] 1.30 [1.01, 1.67]
Albumin 0.80 [0.68, 0.95] 0.88 [0.68, 1.13]
Prothrombin (log) 1.20 [1.04, 1.38] –
Edema 2.26 [1.32, 3.87] –
Stage 4 1.56 [1.10, 2.22] –

4.8 Dynamic prediction on the longitudinal cohort269

Modelling the biomarker trajectory rather than a single snapshot both reproduced and sharpened270

the competing-risks picture. In time-varying cause-specific Cox models (Table 6), the most recent271

measurements were strongly prognostic for death (bilirubin HR 1.82 per SD, albumin 0.63, pro-272

thrombin 1.40, edema 2.47; all p < 0.001), and the opposite age effect persisted in the longitudinal273

setting (death HR 1.25, p = 0.001; transplant HR 0.83, p = 0.03). The landmark analysis (Fig. 2)274

shows why updating matters. A baseline measurement loses prognostic value as it ages: 3-year275

death-risk concordance fell from 0.87 at the 2-year landmark (n = 278, 55 deaths) to 0.64 at 6276

years (n = 166, 26 deaths), whereas using the most recent measurement decayed far more slowly,277

from 0.89 to 0.78 over the same span. The cross-validated paired advantage grew with follow-up and278

excluded zero at every landmark (∆C = +0.011 [95% CI +0.004, +0.017] at 2y; +0.059 [+0.042,279

+0.077] at 4y (n = 225, 34 deaths); +0.139 [+0.116, +0.162] at 6y). The later landmarks rest280

on few events, and the intervals reflect cross-validation fold variability rather than independent281

resampling. The pattern suggests that, in these data, recent measurements carry information a282

stale baseline cannot.283

4.9 Calibration and risk stratification284

The survival models produced well-calibrated five-year predictions (Supplementary Fig. S4) and285

cleanly separated patients into low-, intermediate- and high-risk groups by out-of-fold predicted risk286

(Supplementary Fig. S5). Calibration of this kind is a prerequisite for absolute-risk communication287

rather than mere ranking, though clinical utility was not formally assessed. A decision-curve288

analysis of net benefit remains future work.289

4.10 Transportability to an independent cirrhosis cohort290

Discrimination did not transport to the SUPPORT cirrhosis subgroup (n = 508, 329 deaths).291

The 3-marker PBC model, which reached internal cross-validated C = 0.823, fell to C = 0.558292

externally, barely above chance, and even refitting the same markers within SUPPORT reached293

only C = 0.594. The albumin coefficient reversed sign, from protective in PBC (HR 0.38) to294
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Table 6: Time-varying cause-specific hazard ratios on the longitudinal cohort (per SD for continuous
covariates).

Covariate Death HR [95% CI] Transplant HR [95% CI]

Bilirubin (log) 1.82 [1.58, 2.09] 1.28 [1.07, 1.52]
Albumin 0.63 [0.55, 0.72] 0.87 [0.73, 1.04]
Prothrombin (log) 1.40 [1.27, 1.55] 1.16 [0.97, 1.37]
Age 1.25 [1.10, 1.42] 0.83 [0.69, 0.99]
Edema 2.47 [1.72, 3.56] 1.28 [0.74, 2.20]

mildly harmful in SUPPORT (HR 1.16). This is best read as population specificity rather than295

model failure. SUPPORT enrolled acutely hospitalised patients (65% died within a median 234296

days), a fundamentally different phenotype from the chronic outpatient PBC trial. Chronic-PBC297

prognostic structure therefore does not carry to acute decompensated cirrhosis, a caution that298

prognostic models, like the formulation itself, are tied to clinical context. A fair external test would299

require an independent chronic cirrhosis cohort with the full marker set, which is not currently300

available in the public domain.301

5 Discussion302

Two results stand out. The first is the substantive contribution. Recasting this benchmark as303

competing-risks survival expresses risk that classification cannot. Modelled as a competing event,304

the transplant outcome reaches a cross-validated concordance of 0.82 (25 events; 95% CI 0.80–0.84),305

an encouraging if imprecise result, and cause-specific modelling recovers the clinically-established306

opposite age effect, in which younger patients with failing livers are transplanted while older ones307

die [11]. We present this not as a new discovery but as a validity check: the reframing reproduces308

known clinical structure directly, whereas a three-class formulation cannot express it at all.309

The second is a cautionary result. Across seven model families spanning a five-variable clinical310

score, penalized linear models, tree ensembles and deep neural survival networks, discrimination311

was flat at C ≈ 0.83, and no model beat the decades-old Mayo score. Augmenting the score with312

additional biomarkers did not help either, and a paired per-fold test confirmed that no model313

significantly beat the score while two complex models were significantly worse. The ceiling is314

therefore limited by the information in this static set of variables rather than by model capacity:315

refitting the five Mayo variables fresh within each fold matched the externally-derived score exactly,316

ruling out an in-sample-baseline artefact, and the longitudinal analysis shows the static snapshot,317

not the achievable signal, is the binding constraint. Our replication across three external (single-318

event) datasets is consistent with the complexity benefit being size-dependent. Complex models319

exceeded Cox only marginally on cohorts of one-to-two thousand patients and meaningfully only320

on the largest (n ≈ 9000). These datasets speak only to the complexity-versus-Cox question, but321

they place n = 418 where little benefit should be expected. This replicates, in the survival setting,322

an established pattern on general tabular data, where simple and tree-based models are difficult to323

beat with deep networks at limited sample sizes [19, 20], and it tempers the common narrative that324

more elaborate ML yields better cirrhosis prognosis. Recent deep-survival work on this very cohort325

reports that an enhanced network outperforms simpler survival models [10], but compares deep326

models only against one another. Our results indicate that the more consequential benchmark, the327

five-variable clinical score, remains unbeaten, a comparison that prior work omitted.328

The practical implication is that ML is far from useless here. Its value lies in formulation329
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Figure 2: Landmark analysis on the longitudinal cohort. As the baseline measurement ages, its
3-year death-risk discrimination decays; the most recent measurement restores it, with a widening
advantage.

and outputs rather than raw discrimination. A competing-risks survival model delivers calibrated,330

time-resolved survival estimates and cause-specific risk for both death and transplantation, handles331

censoring and missing data natively, and requires no manual scoring. These are advantages a332

classifier or a fixed score does not provide, and they come at no cost in discrimination.333

A further result points forward. On the longitudinal cohort, the prognostic value of a mea-334

surement decayed markedly with time, with baseline death-risk concordance falling to 0.64 by six335

years, but was largely recovered by using the most recent measurement (0.78), the dynamic ad-336

vantage widening throughout follow-up. This single-cohort, landmarking-based result is a proof of337

concept rather than a validated monitoring strategy. Still, it suggests that the prognostic value in338

these data may lie less in any single snapshot than in serial monitoring, motivating the dynamic,339

competing-risks prediction that updated laboratory trajectories enable [14].340

Limitations. The cohort is single-centre, historical and modest (n = 418), and the transplant341

endpoint has only 25 events, roughly eight per covariate in the inferential model, so its estimates,342

though encouraging, are wide and at risk of optimism. Our primary analysis uses a single snapshot343

per patient. Although we analysed the longitudinal version of the cohort for the dynamic analyses,344

we used landmarking rather than full joint longitudinal–survival modelling, which may extract345

further signal. Our attempt at external validation was limited by data availability. The only346

freely-available independent cirrhosis cohort (SUPPORT) is an acutely hospitalised population too347

dissimilar from the chronic outpatient PBC trial for a fair test, and the model did not transport to348

it. A fair external validation awaits an independent chronic cirrhosis cohort with the full marker349
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set. The data are also PBC-specific, so generalisation to other cirrhosis aetiologies is unverified.350

The proportional-hazards assumption held for most covariates but was violated for prothrombin351

time (Schoenfeld p = 0.002); because the analysis is discrimination-focused this has limited impact,352

but it qualifies the cause-specific hazard ratio for that covariate. Finally, MELD could not be353

benchmarked because its inputs are absent from the dataset.354

Future work. Natural extensions are external validation on contemporary multi-centre co-355

horts, joint longitudinal–survival modelling that goes beyond the landmarking used here, Fine–356

Gray absolute-risk modelling alongside the cause-specific analyses presented here, and assessment357

of clinical utility through decision-curve analysis [28].358

6 Conclusion359

A widely-used cirrhosis ML benchmark is routinely treated as three-class classification, a framing360

that answers a weaker question than prognosis requires. Correcting it to competing-risks sur-361

vival is the consequential step. It turns the poorly-predicted transplant label into an interpretable362

competing-risks outcome with encouraging, if imprecise, discrimination (C = 0.82; 25 events), and363

it reproduces clinically-established, opposite-direction predictors of death and transplantation that364

classification cannot express. At the same time, no survival model, including deep networks, beats365

the simple, validated Mayo clinical score; this is a ceiling set by the available static variables, not366

an in-sample artefact (refitting the score within folds reproduced it) and consistent in its size-367

dependence with external datasets. Longitudinally, updating biomarkers recovers discrimination368

that a stale baseline loses, suggesting value in serial monitoring. On this benchmark, and con-369

sistent with broader tabular-ML evidence, correct problem formulation, dynamic prediction and370

calibrated, cause-specific outputs matter more than model complexity. The lesson transfers beyond371

cirrhosis: censored, competing-event prediction benchmarks should be posed as competing-risks372

survival rather than classification, and on small tabular clinical data the returns to getting the373

formulation right exceed the returns to model sophistication.374

Data availability375

All datasets are publicly available: the primary cohort from the UCI Machine Learning Repository376

(“Cirrhosis Patient Survival Prediction”), the longitudinal version (pbcseq) from the R survival377

package, and the external datasets via pycox and the SUPPORT study. The complete, leakage-378

free analysis pipeline, covering the competing-risks formulation, the seven-model benchmark, dy-379

namic landmarking, evaluation and figures, is released as a reproducible framework intended for380

reuse on this and comparable clinical cohorts. It is available at https://github.com/TheAxeC/381

cirrhosis-competing-risks, and will be archived with a citable Zenodo DOI on acceptance.382
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