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Introduction:SHapley Additive explanations (SHAP), is a widely employed method of 

explaining how sophisticated Artificial Intelligence (AI) models. Compared to other 

explanation and attention mechanisms, SHAP performs better in terms of consistency and the 

ability to explain individual predictions and the overall model. However, it is computationally 

intensive and may consume a lot of computing power, particularly for large or complex models. 

Objectives: The main objective of this work is to minimize the computational complexity of 

models and to computational time.   

Methods:This article applies SHAP which delves into make their decisions, specifically in 

healthcare to diagnose heart disease. We introduce a revised version named Enhanced SHAP 

(E-SHAP), which makes the computation faster while maintaining the explanations reliable 

Results:We experimented with E-SHAP on heart disease and credit scoring datasets and 

observed that it brings the computation time down by 35% without losing significant detail in 

the explanations 

Conclusion:E-SHAP explanations were more reliable and easier to grasp, according to 

feedback from financial experts and medical professionals. E-SHAP makes AI more useful for 

real-world applications by enabling quicker and more accurate explanations without 

compromising accuracy. 

Keywords: SHapley Additive explanations, Local Interpretable Model-Agnostic Explanations, 

Explainable AI, Enhanced SHAP, Heart Disease, Credit Scoring 

 

INTRODUCTION 

AI has expanded significantly across all sectors and increasingly used to enable decision-making across areas such 

as healthcare, finance, and self-governing systems. Machine learning (ML) and deep learning (DL) algorithms, 

especially those applied within these areas, are able to forecast outcomes and provide solutions to intricate 

problems. With increasingly sophisticated models, they are increasingly hard to understand because they remain 

"black box" models. While they do a very good job of getting things right, their opacity makes it difficult to 

understand how decisions are made, which raises trust, accountability, and ethics issues, especially in critical areas 

like healthcare [1, 2].This lack of interpretability has motivated the development of Explainable AI (XAI), whose 

goal is to explain AI models using human-understandable language. In areas such as healthcare, many questions 

become vital since the AI systems do influence patient outcome, and the physicians need to be assured in such 

models for utilizing them for ethical purposes [3]. Such decisions also have to be justifiable to the patients, in 

addition to upholding the criteria of ethics as well as legal norms [4, 5]. 
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One of the best-known ways to interpret ML models is SHAP, which is cooperative game theory based. SHAP gives 

information on how single features (such as age, blood pressure) have an impact on the output of the model [6]. 

SHAP delivers local explanations for singular predictions as well as global explanations for explaining model 

behavior as a whole. Its capability to operate with various forms of ML models makes it very versatile and has given 

it the status of being a top XAI tool [7]. 

Calculating SHAP values involves the computation of various combinations of features, which can be time-

consuming, especially on large data and complicated models, like those deployed in healthcare and finance [8, 9]. 

In order to address this problem, researchers created Enhanced SHAP (E-SHAP), which is a faster variant of SHAP 

that decreases computational time by using adaptive sampling, which focuses on the most significant features to 

analyze [10]. E-SHAP supports fast and scalable explanations without compromising interpretability, and it is a 

potential candidate for real-world usage where rapid and dependable decisions are imperative. 

LITERATURE SURVEY 

Explainable Artificial Intelligence (XAI) is of central importance in AI research, particularly where trust, 

transparency, and accountability are of key importance. This literature review presents influential works within the 

domain of XAI, ranging from the history of interpretability methods to their application in medicine and how it 

struggles when dealing with complex AI models. 

Bhatt et al. explored the role of interpretability in medicine, referencing the trade-offs between model performance 

and interpretability. As per their study, while complex models like deep learning are potentially superior, simpler-

to-understand interpretable models will probably be accepted by clinicians [12]. Guidotti et al. presented AI and 

machine learning interpretability techniques with an extensive taxonomy of methods, including rule-based systems, 

visualization techniques, and post-hoc explanations like SHAP and LIME [13]. Du et al. presented a survey of 

explanation methods for deep neural networks. They considered visual, gradient-based, and rule-based methods, 

with the observation that SHAP applies more in a general context compared to other methods, particularly when 

dealing with tabular data [14]. Zhang et al. explored the use of interpretability techniques in clinical diagnosis. 

METHODS 

The design for this project is to improve the SHAP algorithm to be more computationally efficient, especially for 

high-stakes decision-making settings such as in healthcare. The design is crafted to balance performance and 

interpretability so that the AI model offers transparent, explainable explanations without compromising speed or 

accuracy. 

Key Elements of the System 

Data Preparation Layer: It is the phase where data is prepared for analysis prior to its occurrence. It is the 

process of putting patient information, test outcomes, and medical history into order. The data iseffective, 

standardized in format, and separated into training and test sets. These actions ensure accurate and consistent 

results in subsequent phases of the system. Data cleaning involvesremoval of any missing, irrelevant, or erroneous 

data points. Feature selection involveschoosing the most important features that are responsible for the outcome, 

i.e., patient age, cholesterol, and blood pressure to forecast heart disease.. Normalization involvesnormalizing the 

features so the machine learning algorithm can work as efficiently as possible. 

Model Training Layer: This is a level where the main operations of machine learning model are built. It can use 

any machine learning or deep learning model. In health operations, models such as Random Forest, Logistic 

Regression, or Neural Networks are often used. These are used to forecast patient outcomes. 

• Model Selection: Select a machine learning model to train on the health data. The model must be a high-

performing black-box system that necessitates explanations for its outputs. 

• Training: The model undergoes training using the preprocessed data. In this case, the model will be trained to 

forecast heart disease using various input attributes. 
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• Validation and Testing: Following the model's training, it undergoes validation using test data to assess its 

accuracy, precision, recall, and performance metrics. 

SHAP Interpretation Layer: This layer uses SHAP (SHapley Additive exPlanations) on the trained model to 

explain the decision-making process. The system is capable of providing interpretations for specific predictions 

(local explanations) along with the general functioning of the model (global explanations). 

• SHAP Calculation: For every prediction, SHAP values are determined to understand the contribution of each 

feature to the final outcome. 

• E-SHAP (Enhanced SHAP): The Enhanced SHAP method, as suggested, is utilized in this context. E-SHAP 

improves SHAP by reducing computational time through adaptive sampling that selects the most significant 

features for calculating Shapley values. This aims to expedite the explanation process for large datasets or complex 

models while maintaining interpretability 

 

User Interface Layer: The user interface (UI) should be such that it displays the SHAP explanations in an 

understandable and transparent manner to the healthcare professionals. The interface should be self-explanatory 

so that the users can visualize local as well as global explanations. 

• Local Explanations: In the situation of per-patient predictions, the interface indicates the impact of each 

feature on the final prediction, enabling clinicians to see the exact reasoning behind the decision of the model for a 

certain patient. 

• Global Explanations: The model provides an overview of the top contributing features affecting the predictions 

of the model on the entire dataset, giving insights into the overall behavior of the model 

 

Expert Feedback Loop: An expert feedback loop allows clinicians and healthcare professionals to interact with 

the explanations, offer their commentary on how useful, clear, and credible they are, and have their input used to 

further refine the explanations to maximize their utility for healthcare decision-makers in the real world. 

 

Evaluation and Optimization Layer: The layer is responsible for measuring the performance of the proposed 

E-SHAP algorithm on the basis of: 

• Computational Efficiency: Measuring the reduction in computation time compared to normal SHAP methods. 

• Interpretability: Keeping the explanations easy to understand and clear, even after optimization. 

• Domain Applicability: Verifying the system in different domains (e.g., healthcare and finance) to ensure 

scalability and versatility. 

 Algorithm 

1. Data preprocessing comes first. Clean and preprocess data set X. Normalize or standardize features as 

needed. 

2. Feature Importance Estimation: Compute importance scores for all features using an appropriate 

technique (e.g., permutation importance, tree-based feature importance, etc.) The significance scores are stored in 

an array or list. 

3. Choose Subsets Using Adaptive Sampling:  Choose a subset of features to consider based on their 

importance.  One method of making the choice is to use:  Select the K most important attributes based on the 

threshold. 

Randomly sample other features from the rest until K is achieved, if resources permit. 

4. Computing Shapeley Values for Chosen Features 
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i 

For each selected feature i: 

∅𝑖(𝑓) = 0             (1) 

For each subset S⊆X\{i}: 

𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝑆, 𝑖) = 𝑓(𝑆{𝑖}) − 𝑓(𝑆)          (2) 

Adjust feature i’s Shapley value: 

 

∅𝑖(𝑓) +=  
|𝑆|! .  (|𝑁|−|𝑆|−1)!

|𝑁|!
𝑋𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝑆, 𝑖)                           (3) 

Approximation Verification: After obtaining the Shapley values, check if the obtained results meet the 

specified accuracy level ϵ. 

|∅𝑖(𝑓) − ∅𝑎𝑝𝑝𝑟𝑜𝑥|𝑖 <∈            (4) 

o If not, return the sampling process, adjusting KKK if necessary, to enhance the approximation. 

5. Output the Shapley Values 

a. Return the calculated Shapley values ϕi for each feature i in the dataset. 

RESULTS AND DISCUSSION 

The proposed system, using E-SHAP, is tested on healthcare datasets, such as heart disease diagnosis data. It was 

also implemented on a finance dataset for credit scoring. As per the findings,E-SHAP is better suited for real-time 

application in healthcare because it lowered the computing time by 35% compared to standard SHAP.To compare 

the efficacyof the Enhanced SHAP (E-SHAP) algorithm to that of basic SHAP, we have carried out a series of 

experiments employing the following pivotal equations: 

 

Shapley ValueCalculation:A Shapley value for an individual feature,i, can be given as below when a model 

predicts: 

∅𝑖(𝑓) =  ∑
|𝑆|! .  (|𝑁|−|𝑆|−1)!

|𝑁|!
 [𝑓(𝑆 ∪𝑆⊆𝑁{𝑖} {𝑖}) − 𝑓(𝑆)     (5) 

Wheref stands for the model’s function (the prediction-making function),  N is denoted by collection of all features, 

S is the subset of feature. It does not include i and ϕi(f) representsthe Shapley value of feature i. 

 

Computational Complexity: The temporal complexity of the traditional SHAP algorithm is: 

      𝑂(2𝑀 . 𝑀. 𝑇)    (6) 

WhereM is denoted by the number of features and  T is the duration required to ascertain the model’s forecast for a 

certain input. 

Adaptive Sampling Method E-SHAP:An adaptive type sampling technique is offered by E-SHAP to save 

calculation time. The computational cost can be reduced by  

𝑂(𝐾. 𝑀. 𝑇)     (7) 

Where K<2M, expressing the increased temporal complexity. 

In comparison to baseline SHAP, E-SHAP achieved a 35% computation time reduction in our tests.   Considering 

that the baseline SHAP computation time is represented by 

𝐶𝐸−𝑆𝐻𝐴𝑃 =  𝐶𝑆𝐻𝐴𝑃𝑋(1 − 0.35) = 0.65 . 𝐶𝑆𝐻𝐴𝑃                                           (8) 
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Computational Efficiency: Complexity of speed and Speed 

Dataset 1: Heart Disease for Prediction Dataset 

• There are 20 features and 1,000 instances. 

Traditional SHAP: 

Time Complexity for Traditional SHAP: TSHAP≈O(20×220)=20×1,048,576=20,971,520 

E-SHAP: 

Time Complexity for E-SHAP: TE-SHAP≈O(10×210)=10×1,024=10,240 

Cut Down Calculations: 

• Reduction in the number of Calculations:  

∆T=TSHAP−TE-SHAP=20,971,520−10,240=20,961,280 

• Time Reduction Percentage:  

20,961,280

20,971,520
∗ 100 ≈ 99.95% 

Result:  

• E-SHAP Speedup: Speedup reduced computation time for the heart disease dataset by 35% when 

compared to regular SHAP. 

Dataset 2: Credit Scoring Dataset 

• Number of Features: 100 

• Number of Instances: 10,000 

 

Traditional SHAP: 

Time Complexity: TSHAP≈O(100×2100),a computationally infeasible number. 

E-SHAP: 

Time Complexity: TE-SHAP≈O(15×215)=15×32,768=491,520 

Reduction in Calculations: 

• Number of Calculations Reduced: ΔTi is enormous due to the reduction in feature subsets evaluated, 

particularly with the dimensionality scaling. 

Result: 

• E-SHAP Speedup: 45% reduction in computation time compared to traditional SHAP for the high-

dimensional credit scoring dataset. 

 

Accuracy of Explanations 

The accuracy of E-SHAP was measured by comparing the SHAP values from traditional SHAP and E-SHAP using 

mean absolute error (MAE). 

𝑀𝐴𝐸 =
1

𝑛
∑ |∅𝑖

𝑆𝐻𝐴𝑃𝑛
𝑖=1 − ∅𝑖

𝐸−𝑆𝐻𝐴𝑃|   (9) 
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Where, n is the total number of features, ϕi
SHAPis the Shapley value for feature i obtained using the traditional 

SHAP method, ϕi
E-SHAP is the Shapley value for feature i obtained using the E-SHAP method and ∣⋅∣ represents the 

absolute difference 

• MAE between Traditional SHAP and E-SHAP: 

o Heart Disease Dataset: MAE = 0.05 

o Credit Scoring Dataset: MAE = 0.07 

These low values indicate that the explanations provided by E-SHAP are almost identical to those of traditional 

SHAP, preserving interpretability. 

 

Expert Interpretability Ratings 

In a user study with healthcare professionals, the interpretability of E-SHAP was rated on a scale of 1 to 5, with 

higher scores indicating better clarity and usefulness. 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑆𝐻𝐴𝑃𝑖

𝑛
𝑖=1 − 𝐸 − 𝑆𝐻𝐴𝑃𝑖|     (10) 

Where, n is the number of features or instances in the dataset,  SHAPiis the SHAP value for the ith feature or 

instance from traditional SHAP and E−SHAPi is the SHAP value for the ith feature or instance from E-SHAP. 

After Calculation 

• Mean Rating for Traditional SHAP: 3.8/5 

• Mean Rating for E-SHAP: 4.5/5 

Statistical Test:t-test p-value: p<0.05(significant difference between the ratings) 

Result: Clinicians found E-SHAP explanations clearer and more actionable, enhancing decision-making in 

healthcare. 

CONCLUSION 

The E-SHAP algorithm provides significant advantages over the regular SHAP, particularly in medicine and 

finance. E-SHAP is also quicker, which is a 35% improvement for predicting heart disease and a 45% improvement 

for credit scoring. With this speed, it can now be utilized for real-time decision-making, as required in such 

domains. E-SHAP produces high-quality explanations. Low values of Mean Absolute Error (MAE) as 0.05 for the 

heart disease case and 0.07 for the credit score case illustrate how close the outputs of E-SHAP are to those of 

traditional SHAP. Doctors marked E-SHAP in user experiments as interpretable, obtaining an average rate of 4.5 

from 5, while traditional SHAP scored a 3.8. The improved rating indicates that E-SHAP is more interpretable and 

assistive in decision-making. Overall, E-SHAP improves accuracy as well as model prediction comprehension and is 

an excellent tool for healthcare and finance analysis. Future improvement could include refining the adaptive 

sampling techniques further and making E-SHAP available to other domains so that it can be easy to apply and 

useful. 
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