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Abstract— In this paper, our objective is to shed light on previously unexplored and overlooked
aspects of explainable machine learning. We aim to illustrate the diverse domains where machine
learning has quietly become a transformative force. Through an extensive survey, we delve into
existing research and illuminate the potential avenues yet to be explored. In an era marked by
technological advancement, machine learning has seamlessly integrated into nearly every facet
of global activities. To remain abreast of these developments, it is imperative to deepen our
understanding of this field. Our goal is to immerse ourselves in the realm of machine learning,
leveraging this knowledge to undertake a significant project. Within these pages, readers will find
a comprehensive overview of our survey findings alongside insights into our own future
endeavors in this dynamic field.

Index Terms— complexity, explain-ability, explainable artificial intelligence, interpretability, ,
interpretable artificial intelligence, machine learning, methods.

|. INTRODUCTION

This paper talks about, Explainable Machine Learning, which is an essential field in Al that focuses on deciphering
complex machine learning models that aids in various driving the conclusion-making methods. Its objective is to
provide understandable insights into how these models arrive at predictions or decisions, crucial for trust and
accountability [1]. XAl employs various techniques like feature importance analysis, Evaluating the impact of
input characteristics on predictions is crucial in building robust, interpretable, and efficient machine learning
models. Approaches like permutation advantages, SHAP or LIME help identify influential features, enhancing
comprehension of model behaviour. Moreover, it promotes transparent model types (e.g., decision trees) whose
structure is more interpretable than complex models like neural networks [2]. The importance of XAl lies in
fostering trust, ensuring regulatory compliance, identifying biases, and enabling experts to verify and enhance
model performance. Its role is pivotal across sectors like healthcare, finance, and justice, ensuring responsible and
ethical Al deployment in diverse applications [3].

A. Neural Networks

Neural networks in machine learning are a class of algorithms inspired by the human brain. Composed of
interconnected nodes (neurons), they learn patterns from data, enabling tasks like classification and prediction.
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They contain input, hidden, and output layers, employing weights to process information iteratively for learning
and decision-making

B. Explainable Al

Explainable Al in machine learning focuses on making Al models transparent and understandable, emphasizing
interpretability to permit users to retrospect and have faith in the conclusion constructed by the models. It aims to
provide insights into how algorithms reach conclusions, fostering trust and facilitating human comprehension of
Al-driven outcomes. This paper explains the idea that we focus on, which revolves around the base of machine
learning impacting various fields and making life utmost easier. copy.

Il. RELATED WORK

Deep Neural Networks (DNNs) are known as black boxes as it is impossible to describe network itself or an
external component via their output [4]. Interpretability and transparency are crucial in healthcare and finance for
regulatory compliance and ethical considerations [5]. XAl is being applied in various domains such as medical,
fitness, finance, cyber security, education system and civil engineering [6]. Explain-ability refers to delivering the
main notes to solve the aroused need whereas, interpretability refers to the degree in accordance to the bullet marks
that reach out to the audience to expand their education range [7]. XAl aims to make Al better than translucent,
increase trust, and avoid limiting its acceptance in important genres, such as security [8]. In high- demand sectors
like finance, insurance, and healthcare, this is particularly pivotal [9] In Al, interpretability, and explain-ability
(XAI) refers to the capacity to comprehend the logic behind the results drawn by Al models. This capacity is
pivotal for several reasons, including as promoting acceptance and confidence among stakeholders [10-11].
Indeed, with the progress made in XAl exploration, there are still several issues to be resolved, like balancing
interpretability and practicality, guarding sequestration, and security, and considering the mortal perspective while
developing Al explanations [12-13]. Addressing these issues and icing that Al is applied responsibly and
immorally will bear collaboration between experimenters and politicians. XAl can grease informed decision-
timber, foster trust in Al systems, and open the door to a future in which Al maximizes mortal implicit and
advances society by placing a high precedence on mortal-cantered and ethical Al [14]. The environment
information handed describes colorful aspects of resolvable AI(XAI). XAl refers to Al systems that can give
explanation for their opinions or prognostications to mortal druggies [15].

I1l. SURVEY

XAl can be distributed into two main orders knowledge- driven and data- driven styles. ML allows computers to
identify patterns, make predictions and refine themselves through experience without being explicitly programmed
[16-17]. DL on the opposite side stands affected by the composition and working of the human brain and has
shown remarkable predicting performance. The article highlights the efficiency of explain-ability in Al models to
increase users’ trust models allow for better decision-making [18]. The environment information describes the
need for explain-ability in the domain of artificial intelligence (Al) systems and the colourful subareas of Al that
were included in the hunt [19]. The paper outlines the delineations of confirmation, verification, and testing, and
emphasizes the significance of assessing Al systems at the system position to ensure that the results match what
the real world created [20],[21]. The authors bandy the literal development of Al assurance styles and punctuate
the recent focus on areas similar as resolvable Al (XAl), computer vision, deep literacy, and underpinning literacy
[22]. It discusses the significance of interpretability in machine literacy models and the need for different
approaches to give explanations at both the original and global situations [23]. Specifically, the environment
mentions two main approaches for interpretability Model-independent and Model-tailored styles. Model-agnostic
styles differentiate the description from the machine learning model used, allowing for further inflexibility in
furnishing explanations. On the other hand, Model-Specific styles make utilization of the inner framework of a
specific system to give explanations [24],[25]. It mentions the benefits of interpretability, including the capability
to justify prognostications, diagnose vulnerabilities, and ameliorate models [26].

This document discusses the role of communication and the impact of technology in remote areas. [27]. The lack
of technology in remote areas poses challenges to communication. Lower Earth Orbit (LEO) satellites are
presented as a solution, offering advantages such as lower latency and higher data transfer rates compared to
geostationary satellites [28]. Mesh networks are discussed as a decentralized and self-configuring network
topology that allows direct device-to-device communication. They offer flexibility, scalability, and redundancy.
The role of computer science in developing effective communication strategies for remote teams is highlighted,
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including the use of artificial intelligence language translators and wireless mesh networks [29]. This document
discusses the balance between precision and comprehensibility of complex models within the framework of big
data [30]. The document introduces the concept of “explanation models”, which are depictable approximations of
the authentic model. It presents a unified framework known as SHAP (Shapley Additive Explanations) for
elucidating predictions, which includes accumulated feature attribution ways [31]. It proposes new SHAP value
estimation methods that resonate with human understanding and are more efficient in distinguishing among model
output categories [32].

This document discusses the concepts of explain-ability and clarity in the realm of artificial intelligence (Al).
Explain-ability refers to providing information for a specific audience to accomplish a specific need, while
interpretability focuses on the extent to which these insights can be comprehensible within the audience's field
expertise [33]. The document emphasizes the required explanations and interpretations in opaque Al systems. The
document also mentions the obstacles and avenues for investigation in explainable Al (XAl) and highlights the
importance of XAl in disclosing scientific insights derived from opaque Al models [34]. Interpretability and
explain ability are important concepts in employment of machine learning. They serve an essential function in ML
model design and development [35]. An Overview of the Explain Ability of Guided Machine Learning by Nadia
Burkart and Marco F. Huber is an extensive review of the domain of explainable supervised machine learning
(SML). The authors also discuss the different approaches to explaining SML models, including both local and
global explanations [36]. One of the key contributions of the paper is its classification of SML approaches into
three categories: clear models, substitute of model fitting, and explanation generation [37].

The paper also discusses the different dimensions of SML, such as the category of model (black box or
interpretable), the kind of explanation (local or global), and the purpose of the explanation (understanding,
debugging, or trust) [38]. Explainable Artificial Intelligence (XAIl) emerges as a crucial field dedicated to
addressing this challenge by providing intuitive thoughts into the inner mechanism of Al models, allowing users
to comprehend and trust their decisions [39]. This paper delves into the diverse landscape of XAl approaches,
classified into three primary groups: Inherently Interpretable Approaches, Model-Independent Techniques, and
Instance-Based Explanations [40]. Model-agnostic methods, however, cater to a wider range of models, employing
descriptions that fit to the model irrespective of its architecture [41]. Fictitious details can be used to provide
practical insights into model predictions by allowing us to change discrete instances as a path to reach a desired
result [42]. Machine learning (ML) models are becoming increasingly powerful and widespread, but their
complexity often makes it difficult to acknowledge how they make decisions. This absence of interpretability can
lead to concerns about trust, fairness, and debugging. Interpretable Machine Learning (IML) is an area of
exploration that achieves to build methods for making ML models more explainable [43]. It begins with an
introduction to the field, discussing the importance of interpretability and the distinct types of interpretability
techniques [44]. Tuxedos and suits may seem similar, but their differences stand out in several aspects. Tuxedos
distinguish themselves with satin elements. In contrast, suits emphasize a broader range of colours and patterns
using their fabric [45]. Ultimately, tuxedos rule the formal scene, especially at black-tie events, epitomizing
sophistication. Suits, versatile in colour and style, adapt easily to diverse occasions [46-47].

Building trust and understanding around machine learning (ML) requires effective explanations for external
stakeholders. This paper sheds light on the crucial role of community engagement, context-specific explanations,
and robust evaluation methods [46], [48]. Battling ICU alarm overload, researchers propose a targeted approach
using explainable machine learning. This roadmap for reshaping ICU alarms prioritizes age-specific factors,
ultimately aiming to elevate patient care in critical settings [49]. The paper delves into the utilization of knowledge
graphs within Explainable Machine Learning. It focuses on integrating knowledge graphs, which inherently offer
domain-specific facts in a machine-readable layout, into XML methodologies [50]. Acknowledging the rising
interest in combining Knowledge Representation (KR) techniques with machine learning, the study hypothesizes
that knowledge graphs can play a pivotal role in enriching XML approaches. The concept of neuro-symbolic Al,
merging symbolic methods for knowledge representation and sub symbolic approaches capable of handling vast
data, serves as a foundation for this exploration [51]. The study employs a systematic literature review approach,
exploring various real life machine learning applications that integrate definite educational stuff through graphs to
incorporate descriptions [52-53]. By evaluating the integration of knowledge within XML through systematic
analysis across various machine learning domains, the study aims to delineate the benefits and constraints of
employing knowledge graphs as a supportive background for explainable Al systems [54].

The potential risks are the interpretability and audibility of Al and Machine Learning in different industries
including financial affairs [55]. The authors highlight the topics which are needed for human agency and oversight
in decision-making techniques. Particularly, the relevancy lies in the credit scoring models where the response
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variable is influenced by the explanatory variables. Compound models of machine learning like neural networks
and tree models can offer high level of accuracy which often lacks interpretability [56]. Many companies have
embraced the idea of explainable Al models. These models convey the details and causes to the proper functioning
of Al clearly and easily to understand. The methods focus on the analysing during post-processing phase, rather
than processing [57]. Empirical analysis examines 15,000 small and medium-sized companies seeking credit.
Risky and non-risky borrowers are assembled based on financial characteristics which explains the credit scores
and predicts future behaviour [58]. Explain-ability methods aim to shed light on the knowledge about the procedure
of the model to make it more interpretable, but popular models like neural networks and random forests are too
complex to be interpretable, even in small variations [59]. Therefore, the explain-ability methods rescue the idea
of interpretation to be more understandable. Due to the task’s context-sensitive nature, it is quite difficult for the
development of the automatically deployed explain-ability method [60].

Explainable machine learning (ML) models are in two different categories- Interpretable Models and Explainable
Models. Interpretable models are defined as models that are understandable by humans while Explainable models
provide explanations for the decision-making process [61]. These approaches consist of hybrid information sources
that combine prior knowledge and data, representation, and addition of the knowledge to the ML pipeline. Current
research in explain-ability focuses on three main classifications: Integrating knowledge into the ML pipeline,
integrating knowledge into the explain-ability method, and deriving knowledge from explanations [62].

IV. RESULTS AND DISCUSSION

Here, we talk about the various advantages put forward by various authors and the future scope that each paper
had. A proper comparison allows us to properly introspect the details and gain knowledge. The representation
through bar graphs shows how the world is affected by the advent of artificial intelligence. The pie chart shows
the progress in the generative machine learning field over the decade. We also have put forward a comparative
graph based on revenue.

A. Graphical Analysis

The graphs show the analysis of how the employment increased after the advent of artificial intelligence into the
job sector. Where Blue line indicates Machine Learning and the Red line indicates the Deep Learning.
Both Fig 1 and Fig 2, vividly illustrate the global upswing in job opportunities.
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B. Revenue Comparison

Every country has started spending a good amount on implementation of machine learning in various sectors for
their development. The graph shows the statistical comparison between different countries and the amount they
spend over artificial intelligence and machine learning.

The graph shows the money spent on machine learning by different countries. Fig 5 talks about the difference in
money spent by various regions.

C. Vivid Comparison

The following table enlists the advantages that each paper brought and the advancements caused by the research
work of each author in their respective paper domain. It also talks about the areas that can still be explored and
with which better facilities can be provided in the respective genres. Table I. shows the comparison between the
advancements done and the areas still left to explore.
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Figure 5. Comparison between different countries on the basis of revenue

TABLE |. DETAILED ANALYSIS BETWEEN THE PROS AND THE FUTURE ADVANCEMENT AREAS OF THE PAPERS WRITTEN BY THE

FOLLOWING AUTHORS

Paper Name

Advantages

Future Scope

Explainable Al: A Brief Survey
on History, Research Areas,
Approaches and Challenges [ 5]

Enhanced public confidence in Al: Lifting the veil
on Al decision-making fosters trust and
acceptance of its outcomes. Improves debugging
and model improvement.

Development of new explain-ability metrics.
Increased  accessibility ~ for  non-experts.
Integration into Al development workflows.

An  Empirical Survey on
Explainable Al Technologies:
Recent Trends, Use-Cases, and
Categories from Technical and
Application Perspectives [9]

Promotes  acceptance and  trust among
stakeholders. Supports effective human-Al
collaboration. Enables debugging and system
improvement.

Balance interpretability and practicality.
Protect privacy and security.
Consider the human

developing Al explanations.

perspective  while

A systematic  review of
Explainable Artificial
Intelligence models and
applications: Recent

developments and future trends
[15]

Increases trust and acceptance of Al systems.
Enables better debugging and optimization of Al
systems. Enhances the comprehensibility and
clarity of Al models.

Development of more accurate and efficient XAl
methods.

Application of XAl to a wider range of Al
domains.

Development of XAl methods for explaining
complex models.

Assurvey on artificial
intelligence assurance [19]

Increased trust and acceptance of Al systems.
Improved debugging and optimization of Al
systems. Enhanced interpretability and explain-
ability of Al models.

Development of more accurate and efficient
assurance methods.

Application of assurance to a wider range of Al
domains.

Development of assurance methods for complex
Al systems.

Individual Explanations in
Machine Learning Models: A
Survey for Practitioners [23]

Fortified user trust and facilitated acceptance
of machine learning user friendly models.
Improved debugging and optimization of machine
learning models. Enhanced fairness and non-
discrimination of machine learning decision-
making.

Increased user trust and extensive acceptance of
different types of machine learning projects.
Enhanced troubleshooting and enhancement of
machine learning models.

Explainable Artificial
Intelligence: A Survey [27]

Easy to understand and interpret.

Applicable to any machine learning model.

Can offer causal explanations for individual
predictions.

Develop new XAl methods that are more
accurate and efficient.

Apply XAl to a wider range of applications, such
as healthcare and finance.

Develop XAl methods that can explain complex
models, such as deep artificial neural networks.
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Explainable Al (XAl): A
systematic ~ meta-survey  of
current challenges and future
opportunities [30]

Increased trust: XAl helps to improve trustin Al
systems by increasing their transparency and
comprehensibility. This will be important for the
extensive utilization of Al, specifically in critical
areas like wellness program and finance.

Integration into the Al development process:
XAl techniques are likely to become more
integrated into the Al development procedures,
starting from the beginning phases of design and
modelling to the deployment and maintenance of
Al systems.

A Unified Approach to
Interpreting Model Predictions
[33]

Increases trust and understanding of Al systems
Enables debugging and improvement of Al
systems.

Develop more accurate and efficient XAl
methods.

Utilize XAl in a broader spectrum of
applications, including healthcare and
security.

Interpretable and explainable
machine learning: A methods-
centric overview with concrete
examples [35]

Builds trustworthy and reliable ML models.
Various interpretable models and techniques exist.

Develop more accurate and efficient interpretable
models and techniques

Apply explainable models and methodologies to
a broader range of applications.

D. Graphical Analysis
This section talks about the increase in machine learning users in the recent decades. Fig 3 and Fig 4 illustrate the
increase in usage of machine learning through the years.
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Figure 3. Increase in the use of ML from the year 2000-2010 Figure 4. Increase in the use of ML from the year 2011-2023

V. CONCLUSION AND FUTURE ScoPE

In conclusion, Explainable Machine Learning (XAI) stands as an important pursuit within the monarchy of
artificial intelligence, notifying the imperative need for translucent, accountability, and trust in increasingly
difficult machine learning models. By elucidating the controlling processes of these models, XAl techniques
contribute significantly to fostering trust among users, stakeholders, and regulatory bodies [5], [14].

The field of XAl not only facilitates regulatory compliance but also empowers experts to collaborate effectively
with Al systems. By providing understandable insights into model behaviour, XAl enables domain experts to
validate, refine, and improve model performance, leveraging their expertise for the benefit of the community [19].
In essence, the pursuit of Explainable Machine Learning aligns along with broader aim of creating responsible,
translucent, and beneficial Al systems that enhance decision-making, enable ethical practices, and contribute
positively to various facets of human life [35].

The Future of XAl lies on transparency, trust, and beyond. XAl's future is about going beyond “explain-ability”
to true Al understanding.

After a vivid survey of the papers, we observe that there are still fields that can be improved and updated further
using machine learning.

This future XAl fosters trust, transparency, and responsible Al development. It empowers users, fuels scientific
progress, and paves the way for a greater way of living where Al and humans collaborate seamlesssly.
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