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Abstract: Background: SHAP and LIME are among the most widely used explainability methods in clinical
machine learning, but they rely on fundamentally different approximation strategies and are rarely compared
systematically. It also remains unclear whether feature-importance explanations from a single fitted model
remain consistent across independent patient cohorts and over time, an important consideration when
explainability findings are generalized to different clinical settings.

Methods: Using an externally validated, landmark-based Random Forest model for 12-month mortality
prediction in patients with intermediate-stage hepatocellular carcinoma treated with transarterial
chemoembolization, we characterized global and local feature attribution using SHAP (TreeExplainer) and
LIME. SHAP feature importance was compared across the Derivation, Internal Testing, and Multicentric Testing
cohorts, between early and late landmarks, and between 6- and 12-month prediction horizons to assess cross-
cohort and temporal stability. Agreement between SHAP and LIME was quantified in 50 randomly sampled
observations using Pearson and Spearman correlations of attribution values and Spearman correlation of
feature-importance rankings.

Results: Tumor diameter, alpha-fetoprotein, and lesion number were the dominant predictors, showing non-
linear, threshold-like relationships with predicted risk. SHAP rankings were nearly identical across the three
cohorts (Spearman rank correlation with the Derivation Cohort: r=0.998 for Internal Testing and r=0.995 for
Multicentric Testing; both p<0.0001). The top seven features showed complete overlap between the Derivation
and Internal Testing cohorts (7/7) and substantial overlap between the Derivation and Multicentric Testing
cohorts (6/7). Rankings were similarly stable between early and late landmarks and between the 6- and 12-
month prediction horizons. When binary and one-hot-encoded categorical variables were explicitly specified as
categorical features in LIME rather than processed using default continuous-variable discretization, SHAP and
LIME showed strong agreement at the attribution-value level (Pearson r=0.871; Spearman r=0.825) and
moderate-to-strong agreement in feature-importance rankings (Spearman r=0.721). Nevertheless, differences
persisted for a subset of predictors, notably ECOG performance status, a common, non-sparse predictor.

Conclusion: Feature attributions from this model were highly stable across independent cohorts, across the
disease course, and across prediction horizons, supporting the consistency of the model's dominant prognostic
drivers across the evaluated settings. SHAP-LIME agreement improved substantially when categorical variables
were explicitly specified in LIME rather than relying on default settings, demonstrating that attribution
comparisons are sensitive to explainer configuration. However, differences persisted for a subset of predictors
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even dfter categorical-feature specification. Explainability findings in clinical machine learning should therefore
be reported with explicit attention to both the attribution method and its configuration and, where feasible,
corroborated using more than one approach before informing clinical interpretation.

Keywords: explainable artificial intelligence; SHAP; LIME; feature attribution; hepatocellular carcinoma;
machine learning; reproducibility

l. Introduction

Explainable artificial intelligence (XAl) methods are now routinely used to render clinical machine
learning models interpretable, with SHapley Additive exPlanations (SHAP) and Local Interpretable Model-
agnostic Explanations (LIME) among the most widely adopted approaches[1-3]. Both methods assign an
importance value to each input feature for a given prediction and are frequently presented in the clinical
literature as broadly interchangeable tools for “opening the black box.” In practice, however, SHAP and LIME
rely on fundamentally different approximation strategies: SHAP is grounded in cooperative game theory and,
for tree-based models, can be computed exactly via TreeExplainer [2], whereas LIME fits a local linear
surrogate model to a perturbed neighborhood around each prediction. These approaches are not
mathematically guaranteed to agree, and a growing methodological literature has described a broader
“disagreement problem” in explainable machine learning, in which different attribution methods applied to
the same model and prediction can yield materially different explanations [4-6]. Despite this, direct
quantitative comparisons of SHAP and LIME within a single clinical oncology model remain uncommon, and
most clinical XAl studies report only one method without testing whether its conclusions would hold under an
alternative approach.

A second, related assumption is rarely tested explicitly: whether a model's explanation, once
characterized, remains consistent beyond the dataset in which it was computed. Clinical prediction models are
increasingly validated in external cohorts, and reporting standards such as TRIPOD emphasize rigorous
assessment and transparent reporting of model performance [7]; the same scrutiny is seldom applied to their
explanations, despite calls for more rigorous evaluation of interpretability claims [8-11] and specific concerns
about the clinical readiness of current XAl approaches in healthcare [12, 13]. If feature-importance rankings
differ substantially between an external cohort and the cohort in which a model was developed, or between
different stages of a patient's clinical course, conclusions drawn from explainability analyses, and the clinical
narratives built upon them, may be less robust than they initially appear.

We address these questions using a landmark-based Random Forest model for dynamic 12-month
mortality prediction in patients with intermediate-stage hepatocellular carcinoma (HCC), staged according to
BCLC criteria [14] and treated with transarterial chemoembolization (TACE) in accordance with EASL guidelines
[15]. The present study focuses specifically on the explainability of this model. We (1) characterize global and
local feature attribution using SHAP; (2) assess whether SHAP-based feature importance is consistent across
three independent cohorts, including a geographically distinct multicentric cohort; (3) evaluate whether SHAP-
based feature importance remains stable across the disease course (early versus late clinical assessments) and
across two prediction horizons; and (4) formally quantify agreement between SHAP and LIME at both the
individual attribution-value and feature-ranking levels. Rather than proposing a new predictive algorithm, this
study provides an empirical evaluation of the consistency of model explanations across cohorts and temporal
settings and their agreement across explainability methods.
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1. Methods

2.1 Study Design and Data Source

This is a secondary explainability analysis using a publicly available, multi-cohort dataset (Dryad repository,
DOI: 10.5061/dryad.pd44k8r) [16] of patients with intermediate-stage HCC treated with TACE. The dataset
comprises a Derivation Cohort (979 patients, 3,774 repeated clinical assessments, termed landmarks), an
Internal Testing Cohort (627 patients, 2,569 assessments), and a geographically independent Multicentric
Testing Cohort recruited from separate hospitals (414 patients, 1,742 assessments). The present analysis
focuses specifically on the explainability and stability of feature attributions derived from a landmark-based
machine learning model using these cohorts.

2.2 Landmarking Framework

Each clinical assessment (landmark) was treated as an independent prediction origin, following the
landmarking framework for dynamic risk prediction [17], allowing risk estimates to be updated as new clinical
information became available over the disease course. At each landmark, the primary outcome was death
within 12 months from that assessment, with a 6-month horizon used as a sensitivity analysis. Landmarks with
insufficient follow-up to resolve the outcome were excluded from the corresponding horizon analysis. Patient
identity was used as the grouping variable in all analyses to prevent data leakage from repeated within-patient
measurements.

2.3 Feature Engineering and Preprocessing

Twenty-four clinical, laboratory, and tumor-related variables common to all three cohorts were used as model
inputs: demographic (age, sex), laboratory (alpha-fetoprotein [AFP], albumin, aspartate aminotransferase,
bilirubin, prothrombin time), tumor burden (diameter, number of lesions, new lesions, categorical location),
disease extent (portal vein invasion, hepatic vein invasion, vena cava invasion, distant metastasis, lymph node
metastasis, ascites), Eastern Cooperative Oncology Group (ECOG) performance status, and landmark-specific
timing variables (landmark time since first admission and time-slice index). A composite Child-Pugh score was
evaluated but excluded from the final feature set due to collinearity with its constituent laboratory variables,
which was found to distort SHAP-based attribution of the individual components without improving
discrimination.

2.4 Model Underlying the Explainability Analysis

The explainability analyses were performed using a Random Forest model [18] developed for 12-month
mortality prediction in the Derivation Cohort using patient-grouped 5-fold cross-validation. The fitted model
was subsequently evaluated without modification in the Internal Testing and Multicentric Testing cohorts,
achieving AUCs of 0.865 and 0.868, respectively. All SHAP and LIME analyses reported in the present study
were performed using this single Random Forest model.

2.5 Explainability Analysis

Global and local feature attribution was assessed using SHAP (TreeExplainer, providing exact attribution for
tree-based models) and LIME (local linear surrogate models fitted via perturbation sampling), computed on the
Derivation Cohort. To assess cross-cohort consistency, SHAP values were additionally computed for the same
fitted model in the Internal Testing and Multicentric Testing cohorts, and feature rankings were compared
using Spearman rank correlation. To assess temporal stability, SHAP rankings were compared (i) between early
(landmark time <6 months) and late (>6 months) assessments within the 12-month-horizon model and (ii)
between the 12-month-horizon model and a separately trained 6-month-horizon model fitted using the same
feature set and algorithm but a 6-month rather than 12-month outcome window.

LIME explanations were generated using the LimeTabularExplainer implementation (lime package) [3]. Given
that the comparative behavior of SHAP and LIME was a primary focus of the study, the LIME configuration was
specified in detail. For each explained instance, 5,000 synthetic neighborhood samples were generated
(num_samples=5000). The default kernel width, defined as vn_features x 0.75 (approximately 3.67 for the 24-
variable feature set), was used to determine the exponential weighting of perturbed samples according to
their proximity to the instance being explained. Continuous variables were discretized into quartile-based bins
before fitting the local linear surrogate (discretizer='quartile'), consistent with the package default for
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continuous features. The eight binary variables and five one-hot-encoded tumor-location indicators were
explicitly specified as categorical features using the categorical_features argument rather than being
processed through the default continuous-variable discretization pathway. In a preliminary analysis, omission
of this specification resulted in quartile-based discretization of binary 0/1 variables and reduced SHAP-LIME
agreement. A fixed random_state of 42 was used for both the explainer's internal sampling and the selection
of the 50 explained instances to ensure reproducibility. Attributions were extracted for the predicted-death
class (label=1, corresponding to death within the 12-month horizon) using LIME's index-based feature-to-
coefficient mapping (as_map()), thereby ensuring unambiguous alignhment with SHAP feature ordering. Both
SHAP and LIME attributions were expressed on the scale of contribution to the predicted probability of 12-
month mortality, and no additional rescaling was applied. Only SHAP satisfies the efficiency property, whereby
the sum of feature attributions for a given prediction equals the deviation of that prediction from the model's
average output; LIME's local linear surrogate does not guarantee this property. Accordingly, the two methods'
attributions were considered comparable in scale but were not assumed to be numerically additive in the
same manner.

Agreement between SHAP and LIME was quantified in a random sample of 50 observations (50 x 24 = 1,200
paired feature-level attribution values) using Pearson and Spearman correlations of raw attribution values and
Spearman correlation of feature-level mean absolute importance rankings. The sample size was constrained by
the computational cost of LIME, which requires an independent local surrogate model to be fitted for each
explained observation.

2.6 Statistical Software

All analyses were performed in Python 3.12 using scikit-learn [19], SHAP [2] and LIME [3]. Statistical
significance was set at two-sided a=0.05.

1. Results

The combined study population comprised 2,020 patients (979 Derivation, 627 Internal Testing, and
414 Multicentric Testing) followed across 8,085 landmark assessments. Briefly, the Random Forest model
achieved a cross-validated AUC of 0.844 (95% Cl 0.823—-0.865) in the Derivation Cohort and AUCs of 0.865 (95%
Cl 0.834-0.894) and 0.868 (95% Cl 0.835-0.898) in the Internal Testing and Multicentric Testing cohorts,
respectively, with well-preserved discrimination across all three cohorts. The present analysis focuses
specifically on the explainability of this model.
3.1 Global Feature Importance (SHAP)
Tumor diameter and AFP were the dominant predictors of 12-month mortality, followed by the number of
intrahepatic lesions, tumor location, albumin, and ECOG performance status (Figure 1). Higher tumor
diameter, AFP, and lesion number were consistently associated with increased predicted risk, whereas higher
albumin levels were associated with lower predicted risk.
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Figure 1. Global SHAP feature importance for 12-month mortality prediction.

SHAP dependence analysis (Figure 2) revealed non-linear, threshold-like relationships for the top predictors.
Tumor diameter showed a steep increase in predicted risk up to approximately 100 mm, beyond which the
SHAP contribution plateaued. AFP showed a sharp increase in predicted risk from low values followed by a
plateau at higher concentrations. Albumin showed a strong, monotonic inverse relationship with predicted
risk, whereas ECOG performance status 21 was associated with a large, discrete increase in predicted risk.
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Figure 2. SHAP dependence plots for the six most important predictors.

3.2 Cross-Cohort Stability of SHAP Rankings

To assess whether these feature importance patterns were specific to the Derivation Cohort or remained
consistent across settings, SHAP values were additionally computed for the same fitted model in the Internal
Testing and Multicentric Testing cohorts (Table 1). Feature rankings were nearly identical across all three
cohorts (Spearman rank correlation with Derivation: r=0.998 for Internal Testing, r=0.995 for Multicentric
Testing; both p<0.0001). The seven most important variables were identical across the Derivation and Internal
Testing cohorts (7/7) and largely concordant across the Derivation and Multicentric Testing cohorts (6/7), with
new lesion development ranking modestly higher in the Multicentric Testing Cohort (Figure 3).

Table 1. Cross-cohort comparison of SHAP feature importance.

L. . Multicentric Testing

Feature Derivation |SHAP| Internal Testing |SHAP|

|SHAP|
Tumor diameter (mm) 0.0761 0.0765 0.0765
AFP (ng/mL) 0.0567 0.0553 0.0590
No. of lesions 0.0462 0.0446 0.0496
Tumor location (category 0) 0.0431 0.0424 0.0447
Tumor location (category 3) 0.0303 0.0305 0.0302
Albumin (g/L) 0.0248 0.0238 0.0255
ECOG performance status 0.0197 0.0196 0.0203
Landmark time (months) 0.0136 0.0129 0.0152
New lesions (yes/no) 0.0133 0.0147 0.0265
Time-slice index 0.0102 0.0097 0.0106
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SHAP Feature Importance Across Cohorts
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Figure 3. Cross-cohort stability of SHAP feature importance.

3.3 Temporal Stability of Feature Importance

Feature importance rankings remained highly stable across the disease course. Comparing SHAP rankings
between early (landmark time <6 months) and late (>6 months) assessments, the seven most important
variables retained an identical rank order; only lower-ranked variables showed minor re-ordering, without
substantial changes in their overall contribution to model output.

This temporal stability was also observed when comparing the 6-month and 12-month horizon models (Table
2). The ten most important variables showed near-identical rankings across prediction horizons, with tumor
diameter, AFP, and lesion number consistently ranked first through third.

Table 2. SHAP feature importance across 6- and 12-month prediction horizons.

Feature Mean |SHAP|, 12-month model |Mean |SHAP|, 6-month model
Tumor diameter (mm) 0.0761 0.0936
AFP (ng/mL) 0.0567 0.0567
No. of lesions 0.0462 0.0521
Tumor location (category 0) 0.0431 0.0416
Tumor location (category 3) 0.0303 0.0264
Albumin (g/L) 0.0248 0.0323
ECOG performance status 0.0197 0.0244
Landmark time (months) 0.0136 0.0121
New lesions (yes/no) 0.0133 0.0173
Time-slice index 0.0102 0.0081
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3.4 Agreement Between SHAP and LIME

Across a random sample of 50 observations, with binary and one-hot-encoded categorical variables explicitly
declared to LIME as categorical features (Section 2.5), SHAP and LIME attributions showed strong agreement
at the level of individual attribution values (Pearson r=0.871, p<0.0001; Spearman r=0.825, p<0.0001; Figure 4,
left panel) and moderate-to-strong agreement at the level of feature importance rankings (Spearman r=0.721,
p<0.0001). This represented a material improvement over the preliminary analysis in which categorical
variables were processed using LIME's default continuous-variable discretization (value-level Pearson r=0.775;
ranking Spearman r=0.585), indicating that SHAP-LIME agreement was sensitive to the handling of categorical
and binary variables.

The two most important variables, tumor diameter and AFP, were consistently identified as dominant by both
methods, although LIME assigned them larger mean absolute attribution values (Figure 4, right panel).
Differences persisted for a subset of variables after categorical-feature specification. ECOG performance status
ranked 6th by SHAP but 3rd by LIME, whereas distant metastasis ranked 11th by SHAP but 4th by LIME.
Notably, ECOG performance status was a common, non-sparse predictor, indicating that the observed
differences between SHAP and LIME were not limited to sparse binary variables.

Value-Level Agreement (Pearson r=0.87) Top 10 Features: SHAP vs LIME
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Figure 4. Agreement between SHAP and LIME feature attributions.

V. Discussion

In this explainability analysis of an externally validated, landmark-based mortality prediction model
for HCC, tumor diameter, AFP, and lesion number were consistently identified as the dominant predictors,
with non-linear, threshold-like relationships with predicted risk. These rankings were highly stable across three
independent cohorts, including a geographically distinct multicentric cohort, as well as across the disease
course (early versus late landmarks) and prediction horizons (6 versus 12 months). SHAP and LIME showed
strong agreement when categorical variables were explicitly specified in LIME, whereas agreement was lower
when categorical variables were processed using LIME's default continuous-variable discretization. These
findings indicate that the apparent degree of agreement between explainability methods can be influenced by
implementation choices. This issue is particularly relevant in healthcare, where recent reviews have identified
substantial heterogeneity in the application and evaluation of XAl methods and have emphasized the need for
greater attention to robustness, validity, and standardized reporting of explanations [20, 21].

A body of methodological work has described a general “disagreement problem” in explainable
machine learning, in which different attribution methods, or even the same method under different
implementation choices, can yield materially different explanations for the same model and prediction [4-6].
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Similar concerns regarding the stability and reliability of post-hoc explanations have increasingly been
highlighted in healthcare applications [20-22].

Our findings provide a quantitative clinical illustration of two aspects of this problem. First, SHAP-
LIME agreement was sensitive to explainer configuration: explicitly specifying binary and one-hot-encoded
variables as categorical features in LIME increased value-level Pearson correlation from r=0.775 to r=0.871 and
feature-ranking Spearman correlation from r=0.585 to r=0.721. This suggests that a substantial component of
the observed disagreement was related to explainer configuration rather than differences in the underlying
model or data. Second, residual disagreement persisted even after categorical variables were explicitly
specified. ECOG performance status, a common and clinically important predictor, remained more highly
ranked by LIME than by SHAP, suggesting that differences between the two methods cannot be explained by
feature sparsity or categorical-feature handling alone. These observations are consistent with the distinct
theoretical foundations of the two methods, with Shapley-value attribution underlying SHAP and local linear
approximation underlying LIME, and emphasize the importance of both method selection and implementation
when interpreting feature-attribution results.

Three practical implications follow. First, the strong cross-cohort and temporal stability of SHAP
rankings in this model supports the use of feature attribution for communicating the model's dominant
prognostic drivers to clinicians, particularly for the small number of variables that consistently dominate model
output. Such stability is relevant to broader calls for clinically meaningful and rigorously evaluated
explainability in healthcare [10-13]. Second, the sensitivity of SHAP-LIME agreement to LIME's categorical-
feature configuration indicates that clinical XAl studies should explicitly report explainer settings, consistent
with broader calls for transparent and standardized reporting of clinical prediction models and their
explanations [20, 21]. Comparisons conducted using default settings without careful consideration of variable
type may overstate disagreement between attribution methods. Third, the persistence of differences for a
common, non-sparse predictor after categorical-feature specification supports caution when clinical
interpretations are based on secondary predictors identified by a single attribution method. Where feasible,
such findings should be corroborated using more than one attribution approach, or their uncertainty should be
explicitly acknowledged, before being used to inform clinical interpretation or prospective validation.

V. Limitations

Several limitations merit consideration. First, LIME's computational cost restricted the SHAP-LIME
comparison to a random sample of 50 observations. Although this yielded 1,200 paired feature-level
attribution values, these values were derived from the same 50 observations, and a larger sample would
provide more robust estimates of agreement, particularly for lower-ranked variables. Relatedly, only one
explainer configuration choice, categorical-feature specification, was evaluated with respect to its effect on
SHAP-LIME agreement. Other implementation choices, such as the number of perturbation samples or the
discretization strategy for continuous variables, were not systematically varied. Accordingly, the reported
agreement estimates should be interpreted as conditional on the specific LIME configuration described in
Section 2.5 rather than as a general property of LIME.

Second, both SHAP and LIME are post-hoc attribution methods applied to an already-fitted model,
and neither provides a ground-truth explanation against which the other can be validated [6]. Therefore, the
present findings characterize agreement between two attribution approaches rather than the accuracy of
either method in representing the model's underlying decision process. Moreover, adversarial analyses have
demonstrated that post-hoc explanations can, in principle, be manipulated independently of a model's
predictive behavior [5].

Finally, these explainability findings were derived from a dataset encompassing a limited number of
centers; their generalizability to other populations, clinical settings, cancer types, and treatment contexts
remains to be established.
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VI. Conclusion

Feature attributions from an externally validated, landmark-based mortality prediction model for
hepatocellular carcinoma were highly stable across independent cohorts, across the disease course, and across
prediction horizons, supporting the consistency of SHAP-derived rankings for identifying the model's dominant
prognostic drivers. SHAP-LIME agreement was substantially improved by explicitly declaring categorical
variables to LIME rather than relying on default settings, although differences persisted for a subset of
predictors, including at least one common, non-sparse variable. Explainability findings in clinical machine
learning should therefore be reported with explicit attention to both the attribution method and its
configuration and, where feasible, corroborated using more than one approach before informing clinical
interpretation.
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