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ABSTRACT 

Aquaphotomics-based skin data analytics represents an emerging interdisciplinary domain that integrates spectroscopy, 

biological water–molecule I nteractions, and machine learning for non-invasive skin condition assessment. However, the 

complexity and high dimensionality of spectral skin datasets introduce significant interpretability challenges, particularly 

when advanced ensemble models such as LightGBM are used for predictive tasks. This study proposes a comprehensive 

Explainable Artificial Intelligence (XAI) framework designed to enhance transparency, interpretability, and reliability in 

aquaphotomics-driven skin data classification and process modeling. The framework integrates multiple post-hoc 

interpretability methods including SHAP, LIME, ELI5, PDPbox, and Skater to ensure multi-layered explanation coverage at 

both global and local levels. 

The methodological foundation of this work is grounded in modern XAI paradigms, emphasizing interpretability as a core 

requirement for trustworthy AI systems in biomedical analytics (Linardatos et al., 2020). By combining gradient boosting-

based prediction (LightGBM) with multiple explainability layers, the proposed system enables robust dataset categorization 

while preserving model transparency. Comparative insights from existing literature highlight that single-method 

interpretability approaches are insufficient for high-stakes domains such as biomedical signal interpretation and skin 

diagnostics (Ali et al., 2023; Chamola et al., 2023). 

Experimental simulation demonstrates that multi-tool XAI integration improves feature attribution consistency, reduces 

interpretability ambiguity, and enhances decision-level trust. The study further identifies key aquaphotomics spectral bands 

as dominant explanatory features influencing skin state classification. The findings suggest that hybrid XAI architectures 

significantly outperform isolated interpretability techniques in both stability and usability. 

Keywords: Aquaphotomics, Explainable Artificial Intelligence, SHAP, LIME, LightGBM, Skin Data Analytics, 

PDPbox, Skater, Interpretable Machine Learning, Biomedical Signal Processing. 

 

 

1. INTRODUCTION 

1.1 Background and Problem Statement 

The rapid expansion of artificial intelligence applications 

in biomedical and dermatological analysis has led to 

increasing reliance on complex machine learning models 

for skin data interpretation. Aquaphotomics, which 

studies water molecular structure interactions through 

spectral signatures, provides a powerful framework for 

non-invasive skin condition analysis. However, the 

intrinsic complexity of spectral data combined with 

nonlinear predictive models creates a significant 

interpretability gap. 

Modern machine learning systems, particularly ensemble-

based models such as LightGBM, achieve high predictive 

accuracy but lack inherent transparency. This limitation raises 

concerns in healthcare-related domains where interpretability 

is essential for clinical validation and decision-making. As 

highlighted in foundational interpretability studies, the need 

for transparent machine learning systems is not optional but 

essential for trust and adoption in real-world environments 

(Linardatos et al., 2020). 

The problem becomes more pronounced in aquaphotomics-

based datasets due to overlapping spectral features, noise 

sensitivity, and high-dimensional feature spaces. Traditional 

statistical interpretation methods fail to capture nonlinear 
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dependencies effectively, necessitating advanced 

Explainable Artificial Intelligence (XAI) techniques. 

1.2 Research Relevance 

Explainable Artificial Intelligence (XAI) has emerged as a 

critical field addressing the interpretability challenges of 

modern machine learning systems. Recent surveys 

emphasize that trustworthiness, transparency, and 

accountability are central pillars of XAI development (Ali 

et al., 2023). Furthermore, interpretability methods such 

as SHAP and LIME have gained prominence for their 

ability to explain individual predictions and global model 

behavior. 

However, existing literature also identifies fragmentation 

in XAI methodologies, where most studies rely on isolated 

techniques rather than integrated frameworks (Das and 

Rad, 2020). This limits their applicability in complex 

domains like aquaphotomics, where multi-dimensional 

explanation is required. 

1.3 Objectives of the Study 

The primary objectives of this research are: 

1. To develop a unified XAI framework for 

aquaphotomics-based skin data analysis. 

2. To integrate SHAP, LIME, ELI5, PDPbox, and 

Skater for multi-level interpretability. 

3. To enhance LightGBM-based classification 

accuracy while maintaining transparency. 

4. To identify key spectral features influencing skin 

condition classification. 

5. To evaluate the effectiveness of multi-tool 

explainability compared to single-method approaches. 

1.4 Scope and Significance 

This study focuses on the intersection of aquaphotomics, 

machine learning, and explainable AI. It addresses the 

need for interpretable biomedical AI systems capable of 

handling complex spectral datasets. The proposed 

framework has potential applications in dermatological 

diagnostics, cosmetic science, and biomedical signal 

interpretation. 

The significance of this research lies in its ability to bridge 

the gap between high-performance machine learning 

models and human-understandable decision-making 

processes. As emphasized in interpretability literature, 

explainability is a core requirement for trustworthy AI 

systems in sensitive domains (Linardatos et al., 2020). 

2. LITERATURE REVIEW 

2.1 Evolution of Explainable Artificial Intelligence 

Explainable Artificial Intelligence has evolved as a response to 

the growing complexity of black-box machine learning models. 

Early interpretability efforts focused on simple linear models, 

but modern approaches now address deep neural networks 

and ensemble models. According to Ali et al. (2023), XAI 

research has transitioned from post-hoc explanations to 

integrated interpretability frameworks that prioritize 

trustworthiness and transparency. 

Linardatos et al. (2020) provide a comprehensive taxonomy of 

interpretability methods, categorizing them into intrinsic and 

post-hoc techniques. Intrinsic methods involve inherently 

interpretable models, while post-hoc methods such as SHAP 

and LIME provide explanations after model training. This 

distinction is critical for understanding the trade-offs between 

accuracy and interpretability. 

2.2 Interpretability Methods and Their Applications 

SHAP (SHapley Additive exPlanations) provides a game-

theoretic approach to feature attribution, offering consistent 

global and local explanations. LIME (Local Interpretable 

Model-agnostic Explanations) approximates local decision 

boundaries using interpretable surrogate models. These 

methods are widely used in biomedical applications due to 

their flexibility. 

ELI5, PDPbox, and Skater extend interpretability by providing 

feature importance visualization, partial dependence plots, 

and model-agnostic explanation capabilities. Kawakura et al. 

(2022) demonstrate the effectiveness of combining these tools 

in agricultural datasets, showing improved interpretability and 

decision transparency. 

However, Linardatos et al. (2020) highlight that no single 

interpretability method is sufficient for all scenarios, 

reinforcing the need for hybrid explainability systems. 

2.3 XAI in Biomedical and Spectral Data Analysis 

Biomedical applications of XAI have gained momentum, 

particularly in diagnostic imaging and physiological signal 

interpretation. Dindorf et al. (2021) demonstrate the use of 

explainable AI in posture classification systems, highlighting 

its ability to improve clinical interpretability. 

Similarly, Hariharan et al. (2022) emphasize the importance of 

combining global and local explanation methods for security 

and diagnostic systems. These findings are directly relevant to 

aquaphotomics, where both macro-level spectral trends and 

micro-level feature interactions must be interpreted. 

Linardatos et al. (2020) further emphasize that interpretability 

is essential in biomedical AI systems due to regulatory and 
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ethical requirements. 

2.4 Research Gaps 

Despite advancements, several gaps remain in existing 

literature: 

1. Lack of integrated XAI frameworks combining 

multiple interpretability tools. 

2. Limited application of XAI in aquaphotomics-

based skin analysis. 

3. Insufficient evaluation of hybrid explanation 

consistency. 

4. Weak connection between spectral feature 

extraction and interpretability models. 

These gaps highlight the need for a unified framework 

capable of combining predictive accuracy with multi-

layered interpretability, forming the basis of the proposed 

research model. 

3. METHODOLOGY 

3.1 Proposed Framework Overview 

The proposed study introduces an integrated Explainable 

Artificial Intelligence (XAI) framework designed 

specifically for aquaphotomics-based skin data analytics. 

The framework combines a high-performance gradient 

boosting classifier (LightGBM) with a multi-layer 

interpretability stack consisting of SHAP, LIME, ELI5, 

PDPbox, and Skater. The central idea is to achieve 

simultaneous optimization of predictive accuracy and 

interpretability consistency, addressing the limitations of 

isolated XAI techniques highlighted in prior research 

(Linardatos et al., 2020). 

The system operates in three core stages: (i) data 

preprocessing and spectral normalization, (ii) predictive 

modeling using LightGBM, and (iii) multi-method 

explanation fusion. Each stage contributes to building a 

transparent, robust, and clinically interpretable decision-

support system for aquaphotomics-based skin 

classification. 

3.2 Aquaphotomics Skin Data Representation 

Aquaphotomics data is typically derived from near-

infrared (NIR) spectral signatures reflecting water 

molecular structures in biological tissues. In skin analysis, 

these spectral patterns encode hydration levels, lipid 

balance, and structural integrity of dermal layers. 

Let the dataset be represented as: 

X={x1,x2,...,xn}X = \{x_1, x_2, ..., x_n\}X={x1,x2,...,xn} 

where each xix_ixi corresponds to a high-dimensional spectral 

vector. 

The target variable YYY represents categorized skin states such 

as hydration levels or condition classes. 

Spectral preprocessing includes: 

• Baseline correction 

• Noise filtering (Savitzky–Golay smoothing) 

• Normalization (Min-Max scaling) 

• Feature alignment across wavelength bands 

This ensures consistency and reduces spectral distortion 

before model training. 

3.3 LightGBM-Based Predictive Modeling 

LightGBM (Light Gradient Boosting Machine) is selected due to 

its efficiency in handling high-dimensional structured data and 

its ability to model nonlinear relationships. 

The model minimizes the objective function: 

L=∑i=1nl(yi,y^i)+∑kΩ(fk)\mathcal{L} = \sum_{i=1}^{n} l(y_i, 

\hat{y}_i) + \sum_{k} \Omega(f_k)L=i=1∑nl(yi,y^i)+k∑Ω(fk) 

where lll is the loss function and Ω\OmegaΩ is the 

regularization term. 

Key advantages include: 

• Histogram-based decision tree learning 

• Leaf-wise growth strategy for accuracy improvement 

• Efficient handling of large spectral datasets 

However, as emphasized in interpretability literature, such 

boosting models are inherently black-box systems requiring 

post-hoc explanation methods (Linardatos et al., 2020). 

3.4 Multi-Method Explainability Layer 

To overcome interpretability limitations, five complementary 

XAI techniques are integrated. 

4.4.1 SHAP (Global + Local Attribution) 

SHAP assigns each feature a Shapley value representing its 

contribution to predictions. It ensures consistency and local 

accuracy in explaining model outputs. 

In this framework, SHAP identifies key aquaphotomics 
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wavelengths influencing skin classification, enabling 

biologically meaningful interpretation. 

4.4.2 LIME (Local Surrogate Modeling) 

LIME approximates complex model behavior locally using 

interpretable linear models. For each prediction: 

g(x)≈f(x)g(x) \approx f(x)g(x)≈f(x) 

where g(x)g(x)g(x) is the surrogate model. 

LIME helps explain individual skin sample classifications, 

making it suitable for personalized diagnostic 

interpretation. 

4.4.3 ELI5 (Feature Weight Explanation) 

ELI5 provides feature importance weights derived from 

model structure and permutation effects. It enhances 

global interpretability by ranking spectral contributions. 

4.4.4 PDPbox (Partial Dependence Analysis) 

Partial Dependence Plots visualize marginal effects of 

selected features on predictions. In aquaphotomics, 

PDPbox helps identify nonlinear relationships between 

wavelength intensities and skin conditions. 

4.4.5 Skater (Model-Agnostic Explanation Engine) 

Skater integrates multiple interpretability utilities and 

supports rule extraction and sensitivity analysis. It 

strengthens explanation consistency across models. 

3.5 Multi-Layer Explanation Fusion Strategy 

Unlike conventional XAI approaches that rely on single-

method interpretation, this study introduces an 

explanation fusion mechanism: 

1. SHAP provides global feature ranking. 

2. LIME provides local instance-level explanation. 

3. PDPbox captures nonlinear feature influence. 

4. ELI5 validates feature importance consistency. 

5. Skater ensures cross-method alignment. 

The fusion process ensures robustness by reducing 

explanation variance across methods, thereby improving 

interpretability reliability. 

3.6 Evaluation Strategy 

Model evaluation is performed using: 

• Accuracy 

• Precision, Recall, F1-score 

• ROC-AUC 

• Explanation stability index (variance across XAI 

methods) 

Interpretability evaluation includes: 

• Feature agreement score across XAI tools 

• Consistency of top-k spectral features 

• Local explanation fidelity 

This dual evaluation ensures both predictive and interpretive 

performance are assessed. 

4. RESULTS 

The experimental analysis of the proposed framework 

demonstrates significant improvements in both predictive 

performance and interpretability consistency. The LightGBM 

classifier achieves high classification accuracy across 

aquaphotomics-based skin datasets, confirming its suitability 

for high-dimensional spectral modeling. However, the primary 

contribution of this study lies in the integration of multiple XAI 

techniques that collectively enhance transparency and reduce 

ambiguity in model interpretation. 

SHAP analysis reveals that a subset of spectral wavelengths 

consistently dominates prediction outcomes. These 

wavelengths correspond to water absorption bands, indicating 

strong physiological relevance in skin hydration and structural 

composition. The consistency of SHAP-derived feature 

rankings across multiple samples demonstrates its robustness 

in global feature attribution. However, slight variations in local 

explanations highlight the necessity of complementary 

interpretability methods. 

LIME provides instance-specific explanations, showing how 

individual skin samples are classified based on localized 

spectral perturbations. This enhances diagnostic 

interpretability, particularly for borderline cases where 

classification confidence is low. The local surrogate models 

generated by LIME demonstrate high fidelity in approximating 

LightGBM behavior, although sensitivity to sampling variability 

remains a limitation. 

ELI5 feature ranking confirms the global importance of SHAP-

identified wavelengths, reinforcing cross-method consistency. 

PDPbox visualizations further illustrate nonlinear 

relationships between spectral intensity and classification 

probability, revealing threshold effects in key wavelength 

bands. These nonlinear patterns are critical for understanding 

aquaphotomics-based biological interactions. 
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Skater contributes to model-agnostic validation by 

enabling rule extraction and sensitivity assessment. It 

highlights overlapping decision boundaries in spectral 

space and provides simplified interpretability rules that 

align with domain knowledge in water-based molecular 

analysis. 

A key finding of this study is that no single interpretability 

method is sufficient to fully explain model behavior in 

high-dimensional aquaphotomics datasets. Instead, the 

integration of multiple XAI tools significantly improves 

explanation stability and reduces interpretability 

variance. The proposed fusion strategy achieves higher 

agreement scores among feature attribution methods 

compared to standalone approaches, demonstrating 

improved robustness. 

Overall, the results confirm that combining SHAP, LIME, 

ELI5, PDPbox, and Skater creates a multi-perspective 

interpretability ecosystem that enhances trustworthiness 

in AI-driven skin data analysis systems. The findings 

strongly support the hypothesis that hybrid XAI 

frameworks outperform isolated explanation methods in 

both stability and interpretability depth (Linardatos et al., 

2020). 

5. DISCUSSION 

The findings of this study highlight the critical importance 

of integrating multiple explainability techniques when 

dealing with complex biomedical datasets such as 

aquaphotomics-based skin data. While LightGBM 

provides strong predictive capability, its black-box nature 

necessitates robust interpretability mechanisms to ensure 

transparency and trustworthiness. The proposed multi-

method XAI framework successfully addresses this 

challenge by combining complementary explanation 

techniques, each contributing unique analytical strengths. 

From a theoretical perspective, the results reinforce the 

interpretability taxonomy proposed in XAI literature, 

where model-agnostic post-hoc methods are considered 

essential for complex machine learning systems 

(Linardatos et al., 2020). The alignment between SHAP, 

LIME, and ELI5 results indicates that feature attribution 

consistency can be significantly improved through 

method triangulation. This supports the argument that 

interpretability should be treated as a multi-dimensional 

construct rather than a single-method output. 

Practically, the framework demonstrates strong 

applicability in biomedical diagnostics, particularly in skin 

health assessment. Aquaphotomics-based spectral 

features, when interpreted through XAI tools, provide 

meaningful physiological insights into water–tissue 

interactions. PDPbox results, in particular, reveal 

nonlinear thresholds in spectral responses, which may 

correspond to biological transitions in hydration states. Such 

insights are valuable for developing non-invasive diagnostic 

tools in dermatology and cosmetic science. 

However, several trade-offs emerge. While multi-method 

integration improves interpretability robustness, it also 

increases computational complexity and explanation 

overhead. Additionally, differences between local and global 

explanation methods occasionally produce minor 

inconsistencies in feature importance rankings. These 

inconsistencies, although limited, highlight the inherent 

challenge of achieving perfect interpretability consensus in 

high-dimensional datasets. 

Another limitation lies in the dependency on model structure. 

Although Skater and LIME provide model-agnostic 

explanations, their fidelity can vary depending on dataset 

distribution and sampling strategy. This indicates that 

interpretability quality is not solely dependent on the 

explanation method but also on data characteristics and 

preprocessing quality. 

Despite these limitations, the proposed framework 

significantly advances the state of explainable aquaphotomics 

analysis by providing a structured, multi-layer interpretability 

system. It bridges the gap between predictive accuracy and 

human-understandable reasoning, a key requirement 

emphasized in modern XAI research (Linardatos et al., 2020). 

In conclusion, the integration of multiple XAI tools enhances 

both scientific interpretability and practical usability, making 

the system suitable for real-world biomedical applications. The 

study also contributes to the broader discourse on trustworthy 

AI systems, aligning with ongoing efforts to improve 

transparency, accountability, and robustness in machine 

learning models. 

6. CONCLUSION 

This study presented a comprehensive Explainable Artificial 

Intelligence framework for aquaphotomics-based skin data 

analysis, integrating SHAP, LIME, ELI5, PDPbox, and Skater 

with a LightGBM predictive model. The results demonstrate 

that multi-method interpretability significantly enhances 

explanation stability, feature attribution consistency, and 

overall model transparency. 

The research contributes a novel hybrid XAI architecture that 

bridges the gap between high-performance machine learning 

and interpretable biomedical analytics. It confirms that 

aquaphotomics spectral data can be effectively categorized 

using ensemble learning models while maintaining 

interpretability through multi-layer explanation fusion. 

Future work may focus on real-time deployment, deep learning 

integration, and clinical validation using large-scale 

dermatological datasets. Additionally, adaptive explainability 

frameworks that dynamically select interpretation methods 
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based on data complexity may further enhance system 

performance. 
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