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Abstract

This protocol delivers interpretable survival analysis on clinical tabular data by pairing gradient-boosted

accelerated failure time (AFT) modeling with concept-based explanations. The model is trained on the Primary

Biliary Cirrhosis cohort (PBC-276, complete cases over 17 covariates) using XGBoost’s AFT objective.

Discrimination is assessed via the concordance index and calibration via integrated Brier score with inverse

probability of censoring weights. Interpretability operates at two levels: feature-level summaries with TreeSHAP

and concept-level directional sensitivity through an AFT adaptation of Testing with Concept Activation Vectors

(TCAV), termed Surv-TCAV. Surv-TCAV quantifies how clinician-defined concepts (cholestasis, coagulopathy, low

albumin, older age, clinical complications) perturb the model’s predicted location parameter μ of log T, reporting

standardized effects and bootstrap confidence intervals. With 25 independent 80/20 train/validation partitions and

fixed boosting rounds (no early stopping), the protocol yields a validation C-index of 0.837±0.040 and IBS of

0.321±0.023. Surv-TCAV indicates negative directional effects for low albumin, older age, and clinical

complications, consistent with clinical expectations. This is the first protocol applying concept-based

interpretability to boosted survival models on structured clinical data, with full reproducibility. Source code:

https://github.com/emmanuel6474/surv-tcav-pbc.

Image Attribution

Figure 1: Validation diagnostics: distribution of C-index across 25 validations and IBS vs. C-index scatter on

validation splits.

Figure 2: TreeSHAP summary plot for the last trained XGBoost-AFT model, showing global feature attributions.

Figure 3: Surv-TCAV directional effects on μ for clinical concepts on the last split, with 95% bootstrap confidence

intervals.
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Guidelines

Preprocessing. Categorical variables (sex, discrete signs, and optionally trt, stage) are one-hot encoded with

unknown-handling. Numerical variables pass through. Complete-case selection over the 17 features is applied.

Model. XGBoost with AFT objective models the log-time outcome with right-censoring. The extreme (Gumbel)

loss distribution is used with fixed hyperparameters (Table 1). For each partition, the model is fit on 80% and

evaluated on 20%.

Metrics. Discrimination is measured by the C-index [12]; calibration by integrated Brier score with IPCW [13, 14].

We report mean and standard deviation across 25 validations (Table 2).

Interpretability. TreeSHAP summarizes feature influence for the last trained model [6]. Surv-TCAV adapts TCAV to

AFT: for each concept, a direction in standardized numerical-feature space is learned via a balanced logistic

probe separating concept-positive from negative cases [7]. We estimate the directional derivative of μ along this

vector using small steps h with Gaussian smoothing and Monte Carlo averaging, summarize effects as Δμ and

standardized Δμ/SD(μ), and compute bootstrap confidence intervals.

Hyperparameters.

| Parameter                | Value                      |

|--------------------------|----------------------------|

| Objective                | survival:aft           |

| AFT loss distribution    | extreme (Gumbel)       |

| AFT scale                | 0.4                        |

| Learning rate            | 0.02                       |

| Max depth                | 10                         |

| Min child weight         | 5.0                        |

| Subsample                | 0.6                        |

| Colsample by tree        | 0.6                        |

| L2 regularization λ      | 4.0                        |

| L1 regularization α      | 0.0                        |

| Tree method              | hist (or gpu_hist if GPU) |

| Number of boosting rounds| 800                        |

Validation performance.

| Metric                   | Value                      |

|--------------------------|----------------------------|

| Concordance index (C-index) | 0.837 ± 0.040           |

| Integrated Brier Score (IBS) | 0.321 ± 0.023          |

Surv-TCAV effect summary.
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| Concept                | Δμ (95% CI)                  | Δμ/SD(μ) (95% CI)           | Positivity rate |

|------------------------|------------------------------|-----------------------------|-----------------|

| Cholestasis            | −808.77 (−1937.45, +277.40)  | −0.247 (−0.591, +0.085)     | 0.12            |

| Coagulopathy           | −197.62 (−441.47, +78.61)    | −0.060 (−0.135, +0.024)     | 0.26            |

| Low albumin            | −564.38 (−994.48, −100.71)   | −0.172 (−0.304, −0.031)     | 0.25            |

| Older age              | −603.51 (−1030.31, −172.03)  | −0.184 (−0.315, −0.053)     | 0.25            |

| Clinical complications | −399.41 (−618.53, −191.14)   | −0.122 (−0.189, −0.058)     | 0.34            |

Materials

Experiments use Python 3 with xgboost, pandas, numpy, scikit-learn, lifelines, matplotlib, and shap [16, 19, 18].

The reference implementation, including figure generation, is available at https://github.com/emmanuel6474/surv-

tcav-pbc.

Before start

The Mayo Clinic Primary Biliary Cirrhosis dataset is distributed in the survival R package [20, 21] and mirrored via 

Rdatasets [22]. The cohort includes baseline labs, signs, staging, follow-up times, and censoring indicators.

Following common practice, complete cases over 17 covariates define the PBC-276 cohort used here. Data for

replication are fetched from https://vincentarelbundock.github.io/Rdatasets/csv/survival/pbc.csv. Users should

verify licensing and cite original sources [20, 21, 22].
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Protocol Overview

1 Partition the dataset into 25 independent random splits, each with 80% training and 20%

validation, stratified by the event indicator. Do not include a test set; aggregate metrics

on validation splits to match literature reporting for PBC benchmarks. Use a fixed number

of boosting rounds with no early stopping to avoid leakage from validation to training.

2 Preprocess the data: One-hot encode categorical variables (sex, discrete signs, and

optionally trt, stage) with unknown-handling. Allow numerical variables to pass through

unchanged. Apply complete-case selection over the 17 features.

3 Train the model: Use XGBoost with the AFT objective to model the log-time outcome with

right-censoring. Use the extreme (Gumbel) loss distribution and fixed hyperparameters

(see Table 1). For each partition, fit the model on 80% of the data and evaluate on the

remaining 20%.

4 Evaluate metrics: Measure discrimination using the C-index and calibration using the

integrated Brier score with IPCW. Report mean and standard deviation across the 25

validations (see Table 2).

5 Interpret results: Use TreeSHAP to summarize feature influence for the last trained

model. Adapt TCAV to AFT for concept-level interpretability: for each concept, learn a

direction in standardized numerical-feature space via a balanced logistic probe

separating concept-positive from negative cases. Estimate the directional derivative of μ

along this vector using small steps h with Gaussian smoothing and Monte Carlo

averaging. Summarize effects as Δμ and standardized Δμ/SD(μ), and compute bootstrap

confidence intervals.

Concept Definitions and Surv-TCAV Settings

6 Define concepts a priori on training data as follows: cholestasis (bilirubin and alkaline

phosphatase ≥ training 75th percentile), coagulopathy (prothrombin time ≥ training 75th

percentile), low albumin (albumin ≤ training 25th percentile), older age (age ≥ training

75th percentile), and clinical complications (any of ascites, edema, spider angioma

positive).

7 Fit probes for each concept using l2-regularized logistic regressions with class

balancing. Compute directional derivatives using step size h = 0.02, Gaussian smoothing

σ = 0.04, and K = 80 Monte Carlo draws.

8 Summarize effects on the last split with 95% bootstrap confidence intervals. Effects are

reported as Δμ and standardized Δμ/SD(μ). The positivity rate is the fraction of validation

samples positive for the concept.
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Reproducibility and Sharing

9 Access the complete reference implementation, which downloads the dataset, builds the

PBC-276 cohort, executes the 25×80/20 protocol, computes C-index and IBS, generates

TreeSHAP, and performs Surv-TCAV, at https://github.com/emmanuel6474/surv-tcav-

pbc. The repository includes an executable script with fixed hyperparameters and seeds,

a pinned environment, and figure generation.

Figures

10

Figure 1: Validation diagnostics: distribution of C-index across 25 validations and IBS vs.
C-index scatter on validation splits. 
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Figure 2: TreeSHAP summary plot for the last trained XGBoost-AFT model, showing global
feature attributions. 
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Figure 3: Surv-TCAV directional effects on μ for clinical concepts on the last split, with
95% bootstrap confidence intervals. 

Limitations and Extensions

13 Concept definitions depend on available variables and clinical judgment. Surv-TCAV

evaluates directional effects on μ and does not substitute for causal inference.

Extensions include automated concept discovery [8] and concept bottlenecks [9]. The

AFT distributional choice can vary; the present protocol uses extreme (Gumbel). If early

stopping is desired, an external validation fold is required to avoid leakage.

Conclusion

14 This protocol provides a reproducible, fair-comparison setup for boosted survival

modeling on PBC-276 with clinically aligned interpretability. It reports strong

discrimination and transparent diagnostics, and quantifies how high-level clinical

patterns influence predicted survival.

Data and Code Availability

15 Dataset: https://vincentarelbundock.github.io/Rdatasets/csv/survival/pbc.csv [22]. R

package source: [21]. Code: https://github.com/emmanuel6474/surv-tcav-pbc.
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