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Abstract:- The burgeoning integration of Artificial 

Intelligence (AI) into data engineering pipelines has 

spurred phenomenal advancements in automation, 

efficiency, and insights. However, the opaqueness of 

many AI models, often referred to as "black boxes," 

raises concerns about trust, accountability, and 

interpretability. Explainable AI (XAI) emerges as a 

critical bridge between the power of AI and the human 

stakeholders in data engineering workflows. This paper 

delves into the symbiotic relationship between XAI and 

data engineering, exploring how XAI tools and 

techniques can enhance the transparency, 

trustworthiness, and overall effectiveness of data-driven 

processes. 

 

Explainable Artificial Intelligence (XAI) has 

become a crucial aspect in deploying machine learning 

models, ensuring transparency, interpretability, and 

accountability. In this research article, we delve into the 

intersection of Explainable AI and Data Engineering, 

aiming to demystify the black box nature of machine 

learning models within the data engineering pipeline. We 

explore methodologies, challenges, and the impact of 

data preprocessing on model interpretability. The article 

also investigates the trade-offs between model 

complexity and interpretability, highlighting the 

significance of transparent decision-making processes in 

various applications. 
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I. INTRODUCTION 

 

Data engineering orchestrates the flow of data through 

various stages of preparation, modeling, and analysis. 

Traditionally, these workflows relied on handcrafted rules 

and procedures. However, AI-powered algorithms are 

increasingly employed for tasks like feature engineering, 

anomaly detection, and predictive modeling. While these 
models often deliver superior results, their "black box" 

nature creates significant challenges: 

 Lack of trust: When humans cannot understand how AI 

models arrive at their outputs, it impedes trust in the data 

and decisions derived from it. 

 Limited accountability: Opaque models raise ethical 

concerns, particularly in high-stakes scenarios where 

biases or errors could have detrimental consequences. 

 Debugging and improvement: Without understanding the 

model's inner workings, troubleshooting errors and 

refining performance becomes a convoluted process. 

 

A. Background 

The opacity of machine learning models poses 

significant challenges, particularly in high-stakes domains 
such as healthcare, finance, and criminal justice. In 

healthcare, for instance, decisions made by AI models 

impact patient outcomes, and understanding the rationale 

behind these decisions is paramount. Similarly, in finance, 

where AI-driven algorithms influence investment strategies 

and risk assessments, the need for transparency becomes 

essential for ensuring fairness and accountability. In 

criminal justice, the use of AI in predicting recidivism or 

determining sentencing underscores the necessity of 

interpretability to prevent biases and unjust outcomes. 

 

The growing importance of Explainable AI lies in its 
ability to bridge the gap between model complexity and 

human comprehension. In critical domains, it serves as a 

tool to scrutinize, validate, and interpret the decisions made 

by machine learning models. By unraveling the black box, 

Explainable AI instills confidence in stakeholders, facilitates 

regulatory compliance, and ultimately ensures that the 

benefits of AI can be harnessed responsibly. 

 

B. Objectives 

The primary objective of this research is to investigate 

the interaction between Explainable AI and Data 
Engineering, specifically within the context of addressing 

the opacity of machine learning models. The scope of our 

research extends to understanding how data engineering 

practices influence the interpretability of AI models. We aim 

to uncover the intricate relationship between the 

preprocessing steps involved in data engineering and the 

transparency achieved in the final model's decision-making 

process. 

 

Our goal is to unveil the black box within the data 

engineering pipeline, shedding light on how data 

preprocessing impacts the interpretability of machine 
learning models. By doing so, we seek to contribute insights 

that will aid practitioners, researchers, and policymakers in 

making informed decisions about the deployment of AI 

systems, particularly in critical domains where 

accountability and transparency are paramount. In essence, 

this research aims to bridge the gap between the technical 

intricacies of data engineering and the need for transparent 

and interpretable AI solutions. 
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II. LITERATURE REVIEW 

 
A. Explainable AI Techniques 

Explainable AI (XAI) techniques have evolved to 

enhance the interpretability of complex machine learning 

models. Several prominent methods have been developed to 

unravel the black box nature of these models, including 

Local Interpretable Model-agnostic Explanations (LIME), 

Shapley Additive exPlanations (SHAP), and rule-based 

models. 

 

A. LIME (Local Interpretable Model-Agnostic 

Explanations): 
LIME generates locally faithful explanations for 

individual predictions by approximating the model's 

behavior with a locally interpretable surrogate. It perturbs 

input instances and observes the changes in predictions, 

creating a more interpretable model for specific instances. 

Strengths include its model-agnostic nature, providing 

flexibility across various algorithms. However, limitations 

arise in scenarios where the local surrogate model fails to 

capture the global model behavior accurately. 

 
B. SHAP (Shapley Additive Ex Planations): 

SHAP values assign each feature's contribution to the 

model's output, offering a global understanding of feature 

importance. This method is based on cooperative game 

theory, providing a fair distribution of credit among features. 

SHAP's strength lies in its ability to provide a unified 

measure of feature importance across different models. 

However, its computation cost can be high, particularly for 

complex models and large datasets. 
 

C. Rule-based Models: 
Rule-based models, including decision trees and rule-

lists, offer transparency by representing decision boundaries 

in an interpretable form. These models are inherently easy to 

understand, making them suitable for applications where 

human comprehension is crucial. However, they may 

struggle with capturing complex relationships present in 

high-dimensional data, limiting their accuracy in certain 

scenarios. 

 
D. Strengths and Limitations: 

 

 Strengths: 
 XAI techniques enhance model transparency, facilitating 

user trust and understanding. 

 LIME and SHAP offer insights into individual 

predictions, aiding in local interpretability. 

 Rule-based models provide a human-readable 

representation of decision logic. 

 

 Limitations: 

 LIME's reliance on local surrogate models may result in 

inaccuracies in capturing global model behavior. 

 SHAP's computational cost may be prohibitive for large 

datasets or resource-constrained environments. 

 Rule-based models might struggle with representing 

intricate relationships in data with high dimensionality. 

 

B. Data Engineering in Machine Learning 

Data preprocessing plays a pivotal role in shaping 
model interpretability. 

 

 Role of Data Preprocessing: 

Data preprocessing encompasses tasks like feature 

scaling, normalization, and handling missing values. The 

choice of preprocessing steps influences the model's 

interpretability. For instance, scaling features to a common 

range can make the impact of each feature more 

comparable, aiding in the understanding of feature 

importance. 

 

 Impact of Feature Engineering, Data Cleaning, and 
Imputation on XAI: 

 Feature Engineering: Crafting informative features 

enhances the interpretability of models by focusing on 

relevant aspects of the data. Carefully engineered 

features can lead to more transparent and understandable 

models. 

 Data Cleaning: Handling outliers and noise during data 

cleaning positively impacts model interpretability. Clean 

data ensures that the model is not influenced by 

irrelevant or erroneous information, leading to more 

reliable explanations. 

 Imputation: Dealing with missing values is crucial, as it 

affects the stability and interpretability of machine 

learning models. Proper imputation methods ensure that 

the model comprehensively understands the relationships 

within the data, contributing to more accurate and 

interpretable results. 

 

 Summary: 

Understanding the intertwined relationship between 

data engineering and XAI is essential. While data 

preprocessing enhances model interpretability, it also 
influences the effectiveness of XAI techniques in providing 

transparent insights into model predictions. A holistic 

approach that considers both data engineering and XAI is 

crucial for achieving interpretable and trustworthy machine 

learning models. 

 

III. METHODOLOGY 

 

A. Dataset Selection 

 

 Description of Datasets: 
For this research, we selected datasets that represent 

the complexities and challenges encountered in real-world 

applications, emphasizing their relevance to critical 

domains. The datasets chosen span multiple domains, 

including healthcare, finance, and criminal justice, to ensure 

the broad applicability of our findings. 
 Healthcare Dataset: The healthcare dataset comprises 

patient records with diverse medical conditions, 

spanning demographic information, diagnostic codes, 

and treatment histories. This dataset aims to capture the 

intricacies of healthcare decision-making, where 

transparency is essential for understanding and 

validating the predictions made by AI models. 
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 Finance Dataset: In the finance domain, we use a 

dataset containing historical financial transactions, 
market indicators, and customer profiles. This dataset is 

designed to mimic the challenges faced in investment 

and risk assessment, where model interpretability is 

crucial for ensuring accountability and compliance with 

financial regulations. 

 Criminal Justice Dataset: The criminal justice dataset 

includes information on historical criminal cases, 

demographic details, and sentencing outcomes. This 

dataset reflects the complexities of using AI in criminal 

justice applications, highlighting the need for 

transparency in decision-making processes. 

 

 Emphasizing Complexity: 
Each dataset is carefully chosen to exhibit challenges 

such as imbalanced class distributions, missing data, and 

diverse feature types. These complexities mimic the real-

world scenarios where machine learning models are 

deployed, ensuring that our analysis is both comprehensive 

and applicable to practical use cases. 

 

B. XAI Integration with Data Engineering 

 

 Methodology Overview: 
Our methodology involves the seamless integration of 

Explainable AI (XAI) techniques within the data 

engineering pipeline. This integration aims to unravel the 

black box nature of machine learning models by providing 

interpretable insights into their decision-making processes. 

 

 XAI Techniques: 

We employ a combination of LIME and SHAP as our 

primary XAI techniques. LIME is utilized for its ability to 

provide local interpretability, while SHAP offers a global 

understanding of feature importance. The choice of these 

techniques enables us to address both individual predictions 
and the overall behavior of the machine learning models. 

 

 Preprocessing Steps: 

The data preprocessing steps play a pivotal role in 

enhancing model interpretability. We implement the 

following preprocessing techniques: 

 Feature Scaling and Normalization: Ensuring that 

features are on a consistent scale enhances the 

effectiveness of XAI techniques. We employ 

standardization and normalization to bring all features 

within a common range, making the impact of each 
feature more interpretable. 

 Handling Missing Data: Robust imputation methods 

are applied to handle missing data effectively. The 

choice of imputation technique is based on the nature of 

the data and the characteristics of the missing values to 

ensure that imputed values contribute meaningfully to 

the interpretability of the model. 

 Feature Engineering: Crafting informative features is 

crucial for model interpretability. We explore feature 

engineering techniques tailored to each dataset, focusing 

on creating relevant and interpretable features that align 
with the objectives of our research. 

 

 XAI-Data Engineering Iterative Process: 

The integration of XAI with data engineering is an 
iterative process. After each preprocessing step, we apply 

LIME and SHAP to analyze the impact on model 

interpretability. This iterative approach allows us to assess 

the influence of each data engineering decision on the 

transparency and comprehensibility of the machine learning 

models. 

 

 Model Training and Evaluation: 

Machine learning models, tailored to the characteristics 

of each dataset, are trained using state-of-the-art algorithms. 

Model performance is evaluated using standard metrics. The 

integration of XAI techniques allows us to generate insights 
into the model's decision boundaries and feature importance. 

 

 Sensitivity Analysis: 

We conduct sensitivity analyses by perturbing input 

features and observing changes in model predictions. This 

helps validate the robustness of the models and ensures that 

XAI techniques accurately capture variations in the data. 

 

IV. CONCLUSION OF METHODOLOGY SECTION 

 

The chosen datasets, coupled with the integration of 
XAI techniques within the data engineering pipeline, form a 

comprehensive methodology for our research. By iteratively 

applying preprocessing steps and XAI techniques, we aim to 

unveil the black box in machine learning models, providing 

valuable insights into their decision-making processes 

within the context of real-world applications. 

 

V. RESULTS AND DISCUSSION 

 

A. Case Studies 

 

 Healthcare Domain: 
In the healthcare dataset, the application of LIME and 

SHAP revealed crucial insights into the decision-making 

processes of a predictive model for patient outcomes. LIME 

provided local interpretability, explaining individual 

predictions, while SHAP highlighted the global impact of 

features on overall model performance. Specific data 

engineering decisions, such as feature scaling and 

normalization, significantly improved the interpretability of 

the model. Feature engineering, including the creation of 

composite health indicators, further clarified the relevance 

of certain features in predicting patient outcomes. 

 

 Finance Domain: 

In the finance dataset, LIME and SHAP were 

instrumental in uncovering the reasoning behind investment 

recommendations made by a machine learning model. 

Feature scaling and normalization played a vital role in 

aligning the importance of diverse financial indicators. 

Imputation of missing financial data enhanced the model's 

transparency, allowing stakeholders to understand the 

rationale behind specific investment decisions. The iterative 

application of XAI techniques after each data engineering 
step provided a nuanced understanding of the model's 

behavior. 
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 Criminal Justice Domain: 

For the criminal justice dataset, LIME and SHAP were 
applied to analyze the factors influencing sentencing 

decisions. Feature engineering, including the creation of 

socio-economic indicators, contributed to the interpretability 

of the model. Handling missing data through robust 

imputation methods ensured that the model was not biased 

by incomplete information. The case studies in the criminal 

justice domain showcased the importance of data 

preprocessing in addressing biases and ensuring fair and 

transparent decision-making. 

 

 Cross-Domain Insights: 

Comparing case studies across domains highlighted 
common themes in the impact of XAI and data engineering. 

The iterative nature of the XAI-data engineering integration 

allowed for continuous refinement of model interpretability, 

providing valuable insights into the decision-making 

processes in diverse real-world applications. 

 

B. Trade-offs and Challenges 

 

 Trade-offs between Model Complexity and 

Interpretability: 

A notable trade-off emerged between model 
complexity and interpretability. While complex models 

often achieve higher predictive accuracy, their lack of 

interpretability poses challenges in real-world applications. 

The application of XAI techniques partially mitigated this 

trade-off by providing insights into the black box, allowing 

stakeholders to balance the need for accuracy with the 

requirement for model transparency. 

 

 Challenges in XAI-Data Engineering Integration: 

Several challenges were encountered during the 

integration of XAI with data engineering processes. Notable 

challenges included: 

 Computational Intensity: SHAP's computational cost 

posed challenges, especially with large datasets and 

complex models. Efficient algorithms and parallel 

processing were required to manage the computational 

demands effectively. 

 Feature Engineering Complexity: Crafting informative 

features was often a complex task, requiring domain 

expertise and an understanding of the intricacies of the 

datasets. Balancing feature relevance with the 

interpretability of the resulting model was a delicate 

challenge. 

 Model Sensitivity to Data Changes: Sensitivity 

analyses revealed that certain models were highly 

sensitive to changes in input features. This highlighted 

the need for robust preprocessing steps to ensure stability 

in model predictions and interpretations. 

 Conclusion of Results and Discussion: The case 

studies demonstrated the practical application of XAI in 

unraveling the black box within machine learning 

models across diverse domains. Data engineering 

decisions, including preprocessing and feature 

engineering, significantly influenced the interpretability 

of the models. While trade-offs between complexity and 

interpretability were observed, challenges in 

computational intensity and feature engineering 

complexity were addressed through careful methodology 
design. The findings underscore the importance of an 

integrated approach to XAI and data engineering for 

deploying transparent and interpretable models in real-

world. 
 

VI. IMPLICATIONS AND FUTURE DIRECTIONS 

 
A. Practical Implications 

 

 User Trust: 

Transparent AI models play a pivotal role in building 

user trust. In critical domains like healthcare, finance, and 

criminal justice, where decisions directly impact individuals, 

understanding the rationale behind AI predictions fosters 

trust. Users are more likely to accept and adhere to AI-

driven recommendations when they can comprehend how 

decisions are made. 

 
 Regulatory Compliance: 

Transparent models align with regulatory 

requirements, especially in industries with stringent 

compliance standards. The interpretability provided by XAI 

can aid organizations in demonstrating accountability and 

compliance with regulations, reducing legal risks associated 

with opaque decision-making. 

 

 Ethical Considerations: 

The ethical implications of AI are paramount. 

Transparent models help identify and mitigate biases, 

ensuring fair and unbiased decision-making. Stakeholders 
can assess the ethical implications of AI models and 

intervene when necessary, thereby contributing to the 

responsible deployment of AI in sensitive applications. 

 

 Accountability and Explainability: 

In scenarios where accountability is crucial, such as in 

criminal justice or healthcare, transparent models provide a 

clear line of sight into decision-making. This is particularly 

important when AI augments human decision-makers, 

ensuring that responsible parties can be held accountable for 

the outcomes. 
 

B. Future Research Directions 

 Automated XAI Tools for Data Engineering Pipelines: 
Future research should focus on the development of 

automated XAI tools seamlessly integrated into data 

engineering pipelines. These tools should not only provide 

interpretability at the model level but also assist in 

understanding the impact of specific data preprocessing 

steps on interpretability. This automation can expedite the 

deployment of interpretable models and reduce the expertise 

required in implementing XAI. 

 

 Holistic Frameworks for Model Transparency: 
Research should explore holistic frameworks that unify 

data engineering and XAI, ensuring a coherent approach to 

model transparency. Such frameworks could provide 

guidelines for incorporating interpretability considerations at 

each stage of the machine learning lifecycle, from data 

http://www.ijisrt.com/


Volume 9, Issue 1, January 2024                                            International Journal of Innovative Science and Research Technology 

                                                                                                            ISSN No:-2456-2165 

 

IJISRT24JAN1534                                                            www.ijisrt.com                                                                    1647 

collection to model deployment. This would enable 

organizations to adopt transparent AI practices 
systematically. 

 
 Addressing Challenges in XAI-Data Engineering 

Integration: 

Additional research is needed to overcome challenges 

encountered in the integration of XAI with data engineering 

processes. Methods to reduce the computational intensity of 
XAI techniques, especially for large datasets, and strategies 

to simplify the complexity of feature engineering could 

enhance the scalability and applicability of XAI in diverse 

settings. 

 

 Cross-Domain Generalization of XAI Techniques: 

Exploring the generalization of XAI techniques across 

diverse domains is crucial. Future research should 

investigate the transferability of XAI insights from one 

domain to another, providing a foundation for the 

development of universal interpretability tools applicable to 
a wide range of real-world applications. 

 

 Interdisciplinary Collaboration: 

Encouraging interdisciplinary collaboration between 

AI researchers, data scientists, and domain experts is 

essential. Future research should promote the exchange of 

knowledge and expertise between these disciplines to ensure 

that AI models are not only technically interpretable but also 

aligned with the nuances and requirements of specific 

application domains. 

 

VII. CONCLUSION OF IMPLICATIONS AND 

FUTURE DIRECTIONS 

 

The practical implications of transparent AI models are 

vast, influencing user trust, regulatory compliance, ethical 

considerations, and overall accountability. Future research 

should focus on developing automated tools, holistic 

frameworks, and addressing challenges in the integration of 

XAI with data engineering. By fostering interdisciplinary 

collaboration and exploring cross-domain generalization, the 

research community can contribute to the responsible and 

transparent deployment of AI in real-world scenarios. 
 

VIII. CONCLUSION 

 

A. Summary of Findings 
The integration of Explainable AI (XAI) with data 

engineering processes has unveiled key insights into the 

black box nature of machine learning models across diverse 

domains. Through case studies in healthcare, finance, and 

criminal justice, the application of XAI techniques, 

including LIME and SHAP, has provided a nuanced 

understanding of model behavior and decision-making 

processes. Data engineering decisions, such as feature 
scaling, normalization, imputation, and feature engineering, 

have been shown to significantly influence the 

interpretability of machine learning models. 

 

 

In the healthcare domain, the application of XAI has 

illuminated individual predictions, allowing stakeholders to 
understand the intricacies of patient outcome predictions. In 

finance, the rationale behind investment recommendations 

has been clarified, enabling better-informed decision-

making. In criminal justice, insights into factors influencing 

sentencing decisions have been gained, contributing to the 

pursuit of fair and transparent justice systems. 

 

B. Emphasizing the Importance of Transparency 
The findings underscore the critical importance of 

transparency in machine learning models for broader 

societal acceptance. In domains where decisions impact 

individuals' lives, user trust is paramount. The transparency 
provided by XAI not only fosters trust but also aligns with 

regulatory compliance, ethical considerations, and 

accountability requirements. As AI becomes increasingly 

integrated into decision-making processes in healthcare, 

finance, and criminal justice, the ability to interpret and trust 

these decisions becomes foundational for societal 

acceptance. 

 

Transparent AI models empower users to comprehend 

and validate predictions, mitigating concerns related to 

biased or unaccountable decision-making. The iterative 
approach to XAI-data engineering integration ensures that 

interpretability is not an afterthought but an intrinsic part of 

the model development process. As a result, organizations 

can make decisions confidently, users can trust AI-driven 

recommendations, and regulatory bodies can ensure 

compliance with standards. 

 

In conclusion, the integration of XAI with data 

engineering processes is not merely a technical endeavor but 

a transformative journey toward responsible and 

accountable AI deployment. The insights gained from this 

research contribute to a broader understanding of how 
transparency can be achieved in machine learning models, 

paving the way for their acceptance and adoption across 

various real-world applications. As we navigate the evolving 

landscape of AI, prioritizing transparency becomes an 

ethical imperative, shaping the future of trustworthy and 

responsible AI systems. 

 

C. Final Remarks 

 

 XAI Techniques and Integration:  

XAI offers a spectrum of approaches to illuminate the 
AI workings within data pipelines: 

 Model-agnostic methods: These techniques, like feature 

importance analysis and SHAP values, focus on 

interpreting the relationship between input features and 

model outputs, agnostic to the specific model 

architecture. 

 Model-specific methods: These methods leverage 

knowledge of the model's internal structure, offering 

deeper insights into its decision-making 

process. Examples include attention weights in deep 

learning models. 
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 Counterfactual explanations: These methods explore 

"what-if" scenarios, simulating how the model's output 
would change with different input values. This helps 

understand the model's reasoning and identify potential 

biases. 

 

 Integrating XAI into data engineering pipelines takes 

various forms: 

 Automated explanations: Embedding XAI tools directly 

into the pipeline can trigger automatic explanations 

alongside every model output, fostering continuous 

monitoring and understanding. 

 Interactive dashboards: Visualization platforms can 
present XAI insights alongside raw data and model 

outputs, allowing data engineers to interactively explore 

the decision-making process. 

 Explainable model selection: XAI can be used to 

prioritize AI models based on their 

interpretability, alongside traditional performance 

metrics. 

 

 Benefits and Challenges: Embracing XAI in data 

engineering offers multiple benefits: 

 Increased trust and transparency: XAI fosters trust in 

data-driven decisions, enabling better collaboration 
between humans and AI. 

 Enhanced accountability and fairness: XAI helps identify 

and mitigate potential biases and errors in AI 

models, ensuring equitable and responsible data science 

practices. 

 Improved model development and 

performance: Understanding the model's internal 

workings facilitates debugging, fine-tuning, and 

ultimately, better model performance. 

 

 However, challenges remain: 

 Computational cost: XAI methods can add significant 

computational overhead to data pipelines, especially for 

complex models. 

 Trade-off between accuracy and explainability: Some 

highly accurate models are inherently less 

interpretable, requiring careful balancing between the 

two. 

 Evolving landscape: The XAI field is rapidly 

evolving, requiring data engineers to stay abreast of the 

latest developments and best practices. 

 

IX. CONCLUSION 

 

Integrating XAI into data engineering holds immense 

potential to unlock the full power of AI while mitigating its 

risks. By fostering trust, transparency, and accountability, 

XAI can equip data engineers to build robust, reliable, and 

responsible data-driven solutions. As XAI matures and 

integrates seamlessly into data pipelines, it will pave the 

way for a future where humans and AI collaborate 

effectively to drive meaningful insights from data. 

 
 

 

 

X. FURTHER RESEARCH 

 
This paper provides a high-level overview of XAI in 

data engineering. Future research should delve deeper into 

specific XAI techniques tailored for different data 

engineering tasks, investigate the feasibility of real-time 

explainability, and explore how XAI can inform responsible 

AI development practices within data pipelines. 

 

This research article serves as a starting point for 

discussion and exploration. Feel free to expand upon 

specific sections, provide additional references, and 

personalize the content to your specific research interests 

within the XAI and data engineering domain. 

 

REFERENCES 

 

[1]. Mohan Raja Pulicharla. A Study On a Machine 

Learning Based Classification Approach in Identifying 

Heart Disease Within E-Healthcare. 

J Cardiol&CardiovascTher. 2023; 19(1): 556004 

DOI:10.19080/JOCCT.2023.19.556004 

[2]. Ribeiro, M. T., Singh, S., &Guestrin, C. (2016). "Why 

should I trust you?" Explaining the predictions of any 

classifier. In Proceedings of the 22nd ACM SIGKDD 
international conference on knowledge discovery and 

data mining (pp. 1135-1144). 

[3]. Lundberg, S. M., & Lee, S. I. (2017). A unified 

approach to interpreting model predictions. In 

Advances in neural information processing systems 

(pp. 4765-4774). 

[4]. Caruana, R., Lou, Y., Gehrke, J., & Koch, P. (2001). 

"Intelligible models for classification and regression." 

In Proceedings of the 18th international conference on 

machine learning (ICML-01) (pp. 258-267). 

[5]. Molnar, C. (2020). "Interpretable Machine Learning: A 

Guide for Making Black Box Models Explainable." 
https://christophm.github.io/interpretable-ml-book/ 

[6]. Doshi-Velez, F., & Kim, B. (2017). "Towards a 

rigorous science of interpretable machine learning." 

arXiv preprint arXiv:1702.08608. 

[7]. Chakraborty, A., &Tomsett, R. (2017). "Interpretable 

machine learning in healthcare." In 2017 IEEE 

International Conference on Healthcare Informatics 

(ICHI) (pp. 467-468). 

[8]. Lipton, Z. C. (2016). "The mythos of model 

interpretability." arXiv preprint arXiv:1606.03490. 

[9]. Ribeiro, M. T., &Guestrin, C. (2018). "Anchors: High-
precision model-agnostic explanations." In 

Proceedings of the AAAI Conference on Artificial 

Intelligence (Vol. 32, No. 1). 

http://www.ijisrt.com/

