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Abstract: In clinical tabular models, correlated biomarkers can make local 

explanations unstable even when predictive performance appears 

acceptable. This paper presents CA-LIME, a collinearity-aware extension 

of LIME built to address that failure mode directly. Five variations of CA-

LIME Vanilla reference, VIF, PCA back projection, Ridge, and ElasticNet 

allow us to investigate how various correlation-control strategies alter 

explanation behavior. ILPD, Kaggle liver, a combined ILPD + Kaggle liver 

cohort, and heart stroke are the four dataset configurations on which we test 

the system. Existing validated ILPD/stroke assets are reused, and the same 
workflow is extended to the new liver parameters for consistency. With an 

emphasis on local interpretability, stability, clinical plausibility, and 

practical application, we also contrast CA-LIME with SHAP as the baseline 

explanation. Across settings, CA-LIME retains clinically meaningful 

feature emphasis and shows stable local behavior under correlated inputs. 

The findings clarify the remaining validation and deployment constraints 

while supporting CA-LIME as a decision-support explanation layer.  

 

Keywords: Explainable AI, CA-LIME, Healthcare AI, Multicollinearity, 

Interpretability 

 

Introduction 

In the healthcare industry, explainable AI (XAI) must 

offer clinicians trustworthy reasoning traces in addition to 

precise risk prediction (Kelly et al., 2019; Challen et al., 

2019; Rajkomar et al., 2019; Adadi and Berrada, 2018; 

Arrieta et al., 2020; Beam and Kohane, 2018; Caruana et al., 

2015; Esteva et al., 2019; Tjoa and Guan, 2021). Predictors 

(such as bilirubin, proteins, and enzymes) are frequently 

associated in actual clinical tables, and local linear surrogates 

may become unstable, changing the significance of nearly 

redundant variables (O’Brien, 2007; Alvarez-Melis and 

Jaakkola, 2018; Molnar, 2022). Because both liver disease 

and stroke prediction entail heterogeneous clinical and 

demographic variables and class-imbalance issues, they are 

appropriate stress tests for this problem (Fedesoriano, 2019). 

Therefore, model-agnostic local interpretation is crucial, yet 

vanilla LIME is susceptible to collinearity and neighborhood 

sampling. (Ribeiro et al., 2016; Aas et al., 2021). The main 

focus of this work is CA-LIME, a collinearity-aware 

framework that uses VIF/PCA/regularized mechanisms to 

enhance local surrogate fitting. The explanations that are 

produced are then compared to SHAP (Lundberg and Lee, 

2017; Aas et al., 2021). 

The objective is clinical interpretability quality rather 

than pure predictive lift. This is not only a methodological 

issue; it is also a practical one. Under time constraints, 

doctors in actual workflows correlate explanations with 

treatment priorities, lab setting, and history rather than 

reading them in a vacuum. Confidence in the system 

rapidly declines if two nearly similar patients are given 

noticeably different explanations. By addressing 

collinearity at the local-explainer stage instead of leaving 

it as an after-the-fact warning, CA-LIME was created to 

minimize precisely that kind of instability. As part of the 

contribution, we also address reproducibility. We 

maintain proven ILPD and stroke assets rather than 

starting from scratch, then apply the same preprocessing, 

training, and assessment contract to Kaggle and 

combined-liver scenarios. Changes in results are more 

likely to represent data and model behavior rather than 

silent pipeline drift, which facilitates the interpretation of 

cross-dataset discrepancies. 

Contributions 
 

 In order to expand traditional LIME behavior for 

clinical tabular situations, we formulate CA-LIME as a 
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collinearity-aware local explanation framework that 

combines neighborhood perturbation with correlation 

control (VIF/PCA) and regularized surrogate fitting 

(Ridge/ElasticNet) (Ribeiro et al., 2016; O’Brien, 

2007) 

 We offer a reuse-and-extension strategy that reduces 

analytical drift by integrating Kaggle/combined-liver 

settings under the same experimental contract while 

maintaining verified ILPD/heart-stroke assets 

 We improve generalizability claims by evaluating 

across four necessary dataset configurations (ILPD, 

Kaggle liver, combination liver, and cardiac stroke) 

under a single experimental design (Vasey et al., 2022; 

Liu et al., 2020) 

 We evaluate agreement, divergence, and practical 

interpretability trade-offs between CA-LIME and 
SHAP under identical tasks and models (Lundberg and 

Lee, 2017; Aas et al., 2021) 

 In order to determine if explanation behavior is 

architecture-dependent, we benchmark three model 

families 

 Families (Logistic Regression, Random Forest, and 

MCP as project MLP Classifier) (Hosmer et al., 2013; 

Breiman, 2001) 

 We offer a five-variation CA-LIME taxonomy 

associated with clinical usability limitations, predicted 

behavior under multicollinearity, and explanatory aims 

 For clinician-in-the-loop decision assistance, we 

convert methodological findings into deployment-

facing recommendations (workflow, governance, and 

drift monitoring) (Sendak et al., 2020) 

 To keep claims limited, we list technical and 

translational constraints such as imbalance sensitivity, 

external validity gaps, and non-causal interpretation 

risk (Challen et al., 2019; Rajkomar et al., 2019) 

 In order to improve traceability from claim to proof, 

we offer an enhanced citation-grounded technical 

context that links each mentioned technique or 
governance source to a particular function in the article 

 To facilitate direct research communication and 

replication procedures, we provide visual and tabular 

reporting artifacts (framework flowchart, dataset 

summary, model metrics, explanation metrics, and 

baseline comparison) that are suitable for publication 

 

Related Work 

Because LIME is instance-centric and model-agnostic, it 

continues to be one of the most popular local post-hoc 

explanation techniques (Ribeiro et al., 2016; Guidotti et al., 

2019). A substantial branch of explainability research has 

developed techniques for interpreting deep neural networks 

and visualizing their learned decision processes (Montavon 

et al., 2018; Samek et al., 2017). Interpretability methods 

should be evaluated using clearly defined tasks and 

application-appropriate criteria rather than relying solely on 

qualitative demonstrations (Doshi-Velez and Kim, 2017). 

However, LIME assumes that a sparse local linear surrogate 

can adequately approximate model behavior in a sampled 

neighborhood; in correlated clinical variables, this 
assumption can produce unstable attribution swapping. By 

establishing attributions in additive feature-value 

decompositions with axiomatic guarantees, SHAP partially 

overcomes this (Lundberg and Lee, 2017). 

However, attribution estimates might still differ 

depending on background distributions and reliance 

assumptions when feature dependence is large (Aas et al., 

2021; Kumar et al., 2020). 

Robustness research has shown that model smoothness, 

local area specification, and perturbation choices can 

influence explanation outputs beyond method definitions 

(Alvarez-Melis and Jaakkola, 2018; Gosiewska and Biecek, 

2021; Slack et al., 2020). This promotes the employment of 

explicit reliability criteria (fidelity, stability, and variation) 

rather than just one-shot top qualities. CA-LIME follows this 

trend by treating correlation management as a first-class 

design goal in local explanation. 

In the research on healthcare deployment, 

methodological performance alone is insufficient; safety, 

governance, human dimensions, and reporting criteria are 

necessary for meaningful translational claims (Kelly et al., 

2019; Challen et al., 2019; Sendak et al., 2020). 

Transparent assessment framing, clinical workflow fit, 

and graded real-world validation are highlighted in recent 

standards like CONSORT-AI and DECIDE-AI (Liu et al., 

2020; Vasey et al., 2022). Because physician trust is based 

on the consistency and plausibility of explanations, these 

limitations are crucial for explainability techniques. 

Additional evidence for this endeavour comes from 

studies designed for particular purposes. A direct stress 

test for collinearity-aware explanations is made possible 

by the frequent biochemical redundancy and moderate 

separability found in liver disease prediction datasets, 

including ILPD-like cohorts. Similar significant class 

imbalance is revealed by stroke prediction standards, 

where accuracy can be high despite limited minority 

recall, making interpretation usefulness more difficult 

(Fedesoriano, 2019). As a result, CA-LIME is situated at 

the nexus of clinically practical tabular risk modeling and 

XAI reliability research. 

The assessment emphasis of the research is also 

supported by recent findings from 2026. According to a 

hospital-CDSS scoping analysis, while assessing adoption 

readiness, doctors give priority to explanation 

understandability, workflow compatibility, and openness 

regarding technique limits (Van Dort et al., 2026). This 

research includes stability and feasibility dimensions in 

addition to prediction scores, since a 2026 trust-aware 

clinical XAI framework makes a comparable case for 

explicit governance and reliability metrics (Pal et al., 2026). 
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Material and Methods 

The pipeline adheres to the following project 
conventions: fixed random seed, stratified train/test split 

(80/20), one-hot encoding for categorical variables, 

scaling for numerical features, and median/mode 

imputation. For every dataset configuration, three models 

are applied: MCP (mapped to the repository’s pre-existing 

MLPClassifier implementation), Random Forest, and 

Logistic Regression. Logistic Regression provides an 

interpretable generalized linear baseline (Hosmer et al., 

2013), Random Forest provides strong tabular 

performance for non-linear ensemble learning (Breiman, 

2001), and MLP serves as a non-linear dense predictor 

family for comparison under the same preprocessing. 
We provide predictive metrics (Accuracy, Precision, 

Recall, F1, ROC-AUC), with a focus on imbalance-sensitive 

indicators due to the low incidence of stroke. Examples of 

explanation metrics include normalized importance variance, 

stability (1− Jensen-Shannon divergence over repeated local 

runs), and surrogate fidelity (R2). These choices follow 

previous recommendations that explanation reliability 

should include both one-shot attribution vectors and 

repeatability (Alvarez-Melis and Jaakkola, 2018; Gosiewska 

and Biecek, 2021). SHAP is the standard attribution method 

for Random Forest and Logistic Regression (Lundberg and 
Lee, 2017; Aas et al., 2021). 

For every described test case x, CA-LIME samples a 

local neighborhood N (x) using Gaussian perturbations 

and kernel weights. Next, a local surrogate g is fitted using 

either regularized variants or weighted least squares 

(Vanilla LIME). Stability is measured by repeated runs on 

the same instance: 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 1 −
1

𝑅−1
∑
𝑟=2

𝑅

𝐽𝑆𝐷(𝛽
̂
(1), 𝛽

̂
(𝑟))  (1) 

 

Where βˆ(r) represents the normalized absolute feature 

importance vector obtained from repetition r. 

The stability of the topic model was quantified using the 
Jensen–Shannon Divergence (JSD) between topic 
distributions obtained from repeated model runs. As shown 
in Equation (1), the stability score is computed as one minus 

the average JSD across all runs, where higher values 
indicate greater consistency of the generated topics. 

CA-LIME Frame Work 

CA-LIME modifies the local explanation generation 
procedure by introducing collinearity-aware constraints 

either before or during surrogate fitting. It makes use of 
structured variations intended for correlated clinical 
predictors rather than just one local linear fit. 

Figure 1 outlines the CA-LIME pipeline from model 
prediction to local explanation generation, showing where 
collinearity-aware operations (VIF/PCA/regularized 
surrogates) intervene to stabilize attribution behavior.  

Table 1 summarizes the datasets used to evaluate CA-
LIME across liver disease and stroke prediction tasks. 
Assessing model generalisability and explanation 
resilience across various clinical situations is made 
possible by the inclusion of diverse datasets with distinct 

sizes and characteristics.  
The suggested CA-LIME variations and the 

accompanying multicollinearity management techniques are 
listed in Table 2. These variants provide the basis for 
comparing explanation stability, fidelity, and interpretability 
under different correlation-aware approaches. 

 
Table 1: Datasets Used In The Study 

Dataset N Task Role Status 

ILPD 583 Liver risk Core bench-mark Reused and re-computed 
Kaggle Liver 30691 Liver risk External liver validation  Newly computed 

ILPD+Kaggle 31274 Liver risk Cross-source fusion test Newly computed 
Heart Stroke 5110 Liver risk Disease-transfer validation Reused and re-computed 

 
Table 2: Overview of CA-LIME Variations and Their Objectives 

Variation 
Key Mechanism 

Explanation 

Objective 
Clinical Relevance 

Expected Advantage vs Standard 

LIME/SHAP 

Vanilla 
LIME 
Reference 

Local weighted linear 
surrogate 

Baseline local 
attribution Quick first-look rationale 

Reference behavior for sta-
bility/fidelity comparison 

VIF CA-
LIME 

Removes high-VIF 
predictors before 
local fit 

Reduce 
coefficient 
inflation 

Avoid unstable swapping 
among correlated labs 

More stable weights under 
multicollinearity 

PCA CA-
LIME 

Local PCA + back-
projection 

Decorrelate 
neighborhood 
structure 

Preserves group-level 
physiology patterns 

Better robustness when predictors are 
redundant 

Ridge CA-
LIME 

L2-regularized 
surrogate tuning 

Stabilize dense 

local attributio 

Keeps clinically related 
markers jointly 
represented 

High fidelity with lower variance in 
local coefficients 

ElasticNet 
CA-LIME Joint L1/L2 tuning 

Balance sparsity 
and stability 

Produces compact 
clinician-facing 
explanations 

Improved sparsity control vs Ridge 
while avoiding zero-collapse via 
tuning 
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Fig. 1: CA-LIME workflow 
 
Table 3: Performance comparison of machine learning models across different datasets 

Dataset Model Accuracy Precision Recall F1-score ROC-AUC 

ILPD Logistic Regression 0.7350 0.7407 0.9639 0.8377 0.8296 

ILPD Random Forest 0.7350 0.7600 0.9157 0.8306 0.7720 

ILPD MLPClassifier 0.7521 0.8068 0.8554 0.8304 0.8101 

Heart Stroke Logistic Regression 0.9511 0.0000 0.0000 0.0000 0.8329 

Heart Stroke Random Forest 0.9501 0.0000 0.0000 0.0000 0.8113 

Heart Stroke MLPClassifier 0.9374 0.1111 0.0400 0.0588 0.7124 

Kaggle Liver Logistic Regression 0.7234 0.7406 0.9430 0.8296 0.7631 

Kaggle Liver Random Forest 0.9971 0.9973 0.9986 0.9979 1.0000 

Kaggle Liver MLPClassifier 0.9847 0.9884 0.9902 0.9893 0.9929 

Combined ILPD+Kaggle Logistic Regression 0.7265 0.7446 0.9391 0.8306 0.7517 

Combined ILPD+Kaggle Random Forest 0.9986 0.9991 0.9989 0.9990 0.9995 

Combined ILPD+Kaggle MLPClassifier 0.9837 0.9834 0.9940 0.9886 0.9942 
 

Table 3 compares the predictive performance of the 

evaluated classifiers across all datasets. While Random 

Forest and MLPClassifier generally achieved higher 

predictive performance, the results also highlight the need 

for reliable explanations beyond predictive accuracy, 

motivating the evaluation of CA-LIME. 

Experimental Setup 

To maintain verified results, pre-existing ILPD and 

stroke artifacts were repurposed. To maintain the same 

project style and calculate all metrics uniformly across the 

four settings, a single script () was implemented. New 

results were stored in: 
 
 Results/four_dataset_performance.csv 

 Results/four_dataset_explanations.csv 

 Results/four_dataset_shap.csv 

 Results/four_dataset_summary.json 
 

The Kaggle liver dataset was integrated with ILPD 
(shared clinical variables) for the combined-setting analysis 

after being normalized to an ILPD-compatible schema and 

assessed using the same preprocessing and modeling 

procedures. 

 Local surrogate hyperparameters are tweaked instead of 

fixed ad hoc to meet the reviewer’s worry about regularized 

models. ElasticNet is chosen using a grid over regularization 

strength (alpha/lambda-equivalent) and mixing ratio (l1 

ratio) in the CA-LIME implementation, with weighted local 

fidelity serving as the selection criterion; Ridge employs a 

tuned alpha grid under the same neighborhood weighting. 

Model-level parameters for MCP-aligned model reporting 

(which is implemented as the repository’s current MLP 

Classifier pipeline) adhere to the same train/validation 

process as previous validated runs, and any further MCP-

penalty surrogate extension should be adjusted using cross-

validated penalty grids. 

Figure 2 visualizes strong inter-feature dependence in 

ILPD, supporting the need for collinearity-aware 

explanation strategies in liver-related biomarker spaces.  
The stroke dataset's correlation structure is depicted in 

Figure 3, which also offers context for understanding why 

explanation behaviour varies from liver-focused studies. 
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Compared to row-wise table reading, Figure 4's 
condensed visual comparison of models' accuracy by 
dataset setting makes it simpler to examine cross-dataset 
performance shifts. 

All three models show realistic mid-range 
performance for a noisy clinical tabular problem on ILPD. 
RF and MCP are much stronger in the Kaggle and 

combined-liver situations, whereas LR is still quite 
cautious but concentrated on memory. Stroke responds 
differently: Headline accuracy is great, while minority-
class recall for LR/RF is poor. Because of this trend, we 
offer precision/recall/F1/ROC-AUC together and steer 
clear of accuracy-only interpretation. 

Reading guide for Table 4: Compared to stroke, ILPD 

shows balanced precision–recall behaviour, with high 

accuracy followed by significant recall deterioration for 

LR/RF because of low event prevalence. This disparity is 

expected in unbalanced clinical screening tasks and 

promotes explanation quality checks beyond headline 

accuracy (He and Garcia, 2009; Saito and Rehmsmeier, 

2015; Powers, 2011). 

The same liver-relevant marker family (bilirubin, 
aminotransferase, albumin/proteins) is consistently 
indicated by CA-LIME and SHAP for ILPD. The same 
trend is seen in both Kaggle and the combined cohort, 
indicating that the explanations are not limited to a 
single source file. Age, hyperglycemia, BMI, and 
vascular-risk factors are highlighted by both stroke 
explainers. Although this agreement does not establish 
causal validity, it helps bolster clinical plausibility and 
allay worries that CA-LIME is creating needless local 
narratives. 

 

 
 

Fig. 2: ILPD correlation matrix 
 

 
 

Fig. 3: Stroke correlation matrix 
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Fig. 4: Accuracy comparison across datasets 
 
Table 4: Comparison of Vanilla Lime and Ridge CA-LIME Across Datasets and Models 

Dataset Model Method Surrogate R2 Stability Importance Variance 

ILPD Logistic Regression Vanilla LIME 0.9674 0.9992 1.20E-05 

ILPD Logistic Regression Ridge CA-LIME 0.9674 0.9992 1.20E-05 

ILPD Random Forest Vanilla LIME 0.6261 0.9694 2.74E-04 

ILPD Random Forest Ridge CA-LIME 0.6261 0.9694 2.74E-04 

ILPD MLPClassifier Vanilla LIME 0.3869 0.9391 7.56E-04 

ILPD MLPClassifier Ridge CA-LIME 0.3869 0.9392 7.56E-04 

Heart Stroke Logistic Regression Vanilla LIME 0.9027 0.9843 2.04E-04 

Heart Stroke Logistic Regression Ridge CA-LIME 0.9027 0.9843 2.03E-04 

Heart Stroke Random Forest Vanilla LIME 0.3024 0.9301 1.05E-03 

Heart Stroke Random Forest Ridge CA-LIME 0.3024 0.9301 1.05E-03 

Heart Stroke MLPClassifier Vanilla LIME 0.1801 0.8992 1.63E-03 

Heart Stroke MLPClassifier Ridge CA-LIME 0.1801 0.8992 1.63E-03 

Kaggle Liver Logistic Regression Vanilla LIME 0.9251 0.9962 3.86E-05 

Kaggle Liver Logistic Regression Ridge CA-LIME 0.9251 0.9962 3.85E-05 

Kaggle Liver Random Forest Vanilla LIME 0.5907 0.9638 3.37E-04 

Kaggle Liver Random Forest Ridge CA-LIME 0.5907 0.9638 3.36E-04 
 
Table 5: Comparison Between SHAP and CA-LIME 

Criterion SHAP Baseline CA-LIME 

Local 

consistency 

Strong additive attribu-tion; stable for linear and tree 

models 

High stability in repeated local surrogate runs across ILPD 

and Heart Stroke datasets 

Collinearity 

handling 

Implicit handling; may diffuse importance across 

correlated features 

Explicit handling using VIF, PCA, Ridge, and ElasticNet 

variants 

Clinical 

readability 

Provides global and local plots but can become vi-

sually dense 

Produces concise ranked local factors with correlation-

aware regularization 

Computation 
Efficient for Logistic Regression and Random 
Forest using model-specific explainers 

Requires additional local sampling and surrogate fitting 

Workflow fit 

Strong baseline for model auditing and 

interpretability comparison 

Better suited for clinician-focused case-level explana-tions 

under correlated labora-tory variables 
 

Table 5 summarizes the key differences between SHAP 

and CA-LIME. While SHAP provides consistent feature 

attributions, CA-LIME extends local surrogate explanations 

by explicitly addressing multicollinearity, resulting in more 

stable explanations for correlated clinical datasets. 

For ILPD, CA-LIME and SHAP consistently indicate 

the same liver-relevant marker family (bilirubin, 
aminotransferase, albumin/proteins). Kaggle and the 

combined cohort both exhibit the same pattern, suggesting 

that the explanations are not restricted to a single source 

file. Both stroke explainers emphasize age, 

hyperglycemia, BMI, and vascular-risk factors. This 

agreement does not prove causal validity, but it does 

support clinical plausibility and ease concerns that CA-

LIME is fabricating arbitrary local narratives. 

Figure 5 contrasts explanation stability between baseline 

local surrogates and Ridge-based CA-LIME, illustrating the 

consistency profile of local attributions under repeated runs. 

Vanilla LIME and Ridge CA-LIME have similar average 

local fidelity, but CA-LIME offers a more complete and 
manageable explanation toolbox (VIF/PCA/ElasticNet + 

tuned regularization), which is the main practical advantage 

in correlated clinical data. Table 4 shows a consistent pattern 

across ILPD, Kaggle, combined liver, and stroke. To make 

sure that interpretation is in line with the study design, the 

results are read in the following fixed order. 
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Fig. 5: Stability comparison: Vanilla LIME vs Ridge CA-LIME 
 

 ILPD as the primary liver benchmark 

 Kaggle liver as external liver validation 

 Combined ILPD + Kaggle as a cross-source liver 

robustness check 

 Heart stroke as disease-transfer validation 

 

ILPD/stroke pipeline logic and prior CSV outputs are 

examples of reused artifacts. Kaggle-liver and combined-

liver model/explanation outputs, unified four-setting 

metric tables, and cross-dataset comparison figures are 

examples of recently created artifacts. 

From the standpoint of methodological 

reproducibility, this divide is important. Reused 

artifacts provide continuity with previously validated 

trials, while newly generated summary files guarantee 

consistent metric definitions across settings. This 

lessens the possibility of inadvertently attributing 

pipeline variations to model or explanation behaviour 

and prevents combining competing reporting patterns 

(such as various split strategies or preprocessing 

assumptions). 

Baseline Comparison With SHAP 

Strong local consistency and additive attribution; 

stable for linear/tree models and high stability in repeated 

local surrogate runs (ILPD/stroke); implicit and 

collinearity handling; explicit via 

VIF/PCA/Ridge/ElasticNet variants; clinical readability 

and global/local plots, but may be dense and short-ranked 

local factors with correlation-aware regularisation; 

computation and efficiency on LR/RF; model-specific 

explainers and additional local sampling/surrogate fitting 

cost; workflow fit and a solid baseline for audit. 

This comparison is purposefully non-binary: CA-

LIME is positioned as a focused improvement for local 

explanation under multicollinearity rather than a general 

replacement, whereas SHAP is still a robust baseline that 

is frequently utilised. 

Clinical Integration Feasibility 

CA-LIME functions best as an explanation layer after 
risk assessment in a clinical decision-support system. A 
feasible procedure includes: 
 
 Data intake and quality checks 

 Risk prediction 

 CA-LIME local explanation panel 

 Clinician override and documentation 
 

Instead of separate single-feature assertions, interface 
design should provide grouped connected biomarkers and 
ambiguity indications. Trust calibration, external 
validation, regulatory evidence, latency budgets, and 

continuous data drift monitoring are some of the 
deployment issues (Vasey et al., 2022; Liu et al., 2020; 
Sendak et al., 2020). When their targets or proxy variables 
fail to accurately reflect patients' real healthcare demands, 
clinical algorithms may replicate current disparities 
(Obermeyer et al., 2019). Specifically, real-world 
monitoring should monitor explanatory drift and 
prediction over time. Dataset shift may be introduced by 
differences between development and deployment 
populations, and under such shifting circumstances, 
prediction confidence and uncertainty may decline 
(Quionero-Candela et al., 2008; Ovadia et al., 2019). 

In an implementation-oriented display pattern, three 

compact elements are shown for each patient: 
 
1) A stability indicator that notifies users when local 

attributions vary across repeated neighborhood samples 

2) Top local drivers grouped by correlated clinical 
domains (e.g., bilirubin/protein cluster) 

3) Predicted risk with calibrated confidence. This 
presentation may help physicians distinguish between 
strong and weak explanatory signals and reduce the 
overinterpretation of single coefficients in highly 
correlated laboratory profiles 

 
Before deployment, probability calibration should be 

evaluated because predictive models can produce 
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confidence estimates that do not accurately reflect their 

observed error rates (Guo et al., 2017). Nevertheless, in 

high-stakes clinical settings, post-hoc explanations should 

not substitute for inherently interpretable models when 

comparably accurate interpretable alternatives are available 
(Rudin, 2019). Clinical AI should support human–AI 

collaboration by augmenting rather than replacing 

clinicians ’judgment and responsibility (Topol, 2019). 

For hospital adoption, a phased approach is 

recommended: Limited process integration with audit 

logs only following prospective shadow-mode assessment 

with physicians and retrospective silent-mode validation. 

During these phases, organizations should keep an eye on 

subgroup performance, explanation drift data, override 

frequency, and decision delay to see whether CA-LIME 

improves interpretability without increasing burden. 
This deployment method is consistent with 2026 clinical 

XAI results that favor user-centered explanation design and 

measurable trust criteria during CDS implementation (Van 

Dort et al., 2026; Pal et al., 2026), as opposed to one-time 

retrospective model reporting alone. 

Limitations 

This study has some drawbacks. First, all datasets 

are still retrospective public benchmarks and may not 

fully capture the intricacy of local hospital procedures, 

even if four settings have been completed. Second, 

dataset imbalance affects minority-class performance 

and can distinguish between therapeutic utility and 

accuracy, as is seen in the stroke case. Third, CA-LIME 

explanations are associative rather than causal and 

should not be interpreted as evidence that changing an 

identified feature would cause a change in the clinical 
outcome; moreover, the meaning and requirements of 

interpretability depend on the model, user and 

application context (Pearl, 2009; Lipton, 2018). Fourth, 

neighborhood and preprocessing choices may affect 

explanation stability; if pipelines are changed, 

alignment between newly generated and reused outputs 

must be confirmed. Fifth, because this is a 

methodological evaluation without prospective 

clinician utility testing, adoption claims are still 

premature (Vasey et al., 2022; Sendak et al., 2020). 

Furthermore, as this work concentrates on tabular 

structured data, multimodal integration (clinical notes, 

imaging, longitudinal records) is outside its scope. Since 

local surrogate we intend to optimise deployment-time 

monitoring for explanation drift and reliability, 

incorporate prospective clinician usability tests, and 

expand external multi- center validation explanations may 

be sensitive to representation choices; future advances 

should include robustness testing across different feature 

encodings and institution-specific preprocessing 

procedures before generalizing clinical deployment 

claims. 

Conclusion 

This study presented CA-LIME, a collinearity-aware 

local explanation framework, and assessed it in a variety 

of clinical dataset settings with multicollinearity, multiple 

predictive algorithms, and multiple explanation variants 

(such as Vanilla LIME, Ridge-based CA-LIME, and 

ElasticNet-based CA-LIME). In every trial, CA-LIME 

maintained competitive surrogate fidelity while 

generating more durable and clinically coherent local 

explanations. Additionally, the comparative baseline 

analysis with SHAP demonstrated that CA-LIME 

provides better control in correlated feature spaces and is 

consistent with clinically significant feature patterns. All 

things considered, the findings validate CA-LIME as a 

useful explanation layer for clinical decision-support 

situations.  
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