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Abstract—In recent years, deep neural networks (DNNs)
have become very powerful tools for solving complex
problems in many areas like recognizing images,
understanding language, and helping doctors with
medical decisions. These networks learn from large
amounts of data and make predictions that are often very
accurate. However, the way they make these decisions is
usually not easy to understand because they work like a
"Black Box." This means we know what goes in and what
comes out but not exactly how the network arrives at
those results. Because of this challenge there is a growing
need for explainable artificial intelligence or XAIL XAI
helps us understand and explain what is happening inside
these complex models. This is very important for several
reasons. First, it builds trust people are morelikely to use
Al if they understand how decisions are made. Second,
it helps developers find and fix errors in the models.
Third, many industries have rules that demand
explanations for automated decisions. Finally,
explainability helps ensure AI systems behave fairly
and ethically. By studying and comparing these methods
we aim to provide a simple and clear understanding of
how Al models work and to show which explanation
techniques are best suited for different situations. This
will help researchers, developers, and users make Al
systems more transparent and trustworthy.

[. INTRODUCTION

Deep Neural Networks, or DNNs have become a
major technology driving many exciting advances in
various fields today. For example, in healthcare, DNNs
help doctors detect diseases from medical images with
high accuracy. In self-driving cars, they enable
vehicles to recognize pedestrians, traffic signs, and
obstacles to navigate safely. In finance, DNNs assist
in detecting fraudulent transactions and making
important credit decisions. These successes show how
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powerful deep learning models are at solving complex
problems that involve large amounts of data.
However, there is one big challenge with DNNs they
are often called "Black Box" models because it is very
hard to understand how they arrive at their decisions.
While the models can give a correct answer, they don’t
explain their reasoning in a way humans can easily
comprehend. This is a serious problem in fields where
mistakes can have huge consequences, like medicine or
driving. Ifa model makes a wrong prediction, doctors
and regulators need to know why and how to trust or
question those results.

This problem creates the need for Explainable Artificial
Intelligence, or XAI. XAl methods aim to make Al
systems more transparent by providing clear
explanations for their decisions. This helps build trust
with users because they can see the reasons behind
predictions. It also helps developers find and fix errors
or hidden biases in the models. Moreover, growing
government regulations such as the GDPR in Europe
and the Al Act require that Al systems be accountable
and understandable. XAl addresses these legal and
ethical requirements by making Al decisions more
open and fairer.

Deep Neural Networks (DNNs) despite their
impressive performance across many important
applications, suffer from a critical issue known as
opacity. This means that the internal workings of these
models are largely hidden or not understandable to
humans making it difficult to explain why a specific
decision or prediction was made. This lack of
transparency poses significant risks, especially in high
stakes fields such as healthcare, autonomous driving,
finance, etc. where incorrect or biased decisions can
lead to severe consequences, including harm to
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individuals or financial loss.

The opaque nature of DNNs also limits the ability of
developers and regulators to detect biases, ensure
fairness, and maintain accountability. Without clear
explanations, users cannot fully trust these systems
and ethical and legal compliance becomes
challenging. Therefore, addressing the opacity of
DNNSs is essential to reduce these risks and enabling
safe, reliable, and trustworthy Al deployments.

In this thesis, we explore and compare several popular
XALI techniques used to explain deep neural networks.
The focus is on two types of methods: model agnostic
and model specific approaches. Model agnostic
methods like LIME and SHAP, work with any Al
model regardless of how it is built. Model specific
methods like Grad CAM and  Guided
Backpropagation, are designed to work closely with
particular neural network architectures. Through
detailed experiments and analysis this thesis provides
insights on the strengths and weaknesses of these
techniques helping to understand when and how to use
them effectively.

The main contribution of this research is a
comprehensive and easy to understand comparison
that will serve as a useful guide for Al researchers,
practitioners and users seeking to make deep learning
models more transparent and trustworthy.

II. LITERATURE REVIEW

2.1 Explainable Al Techniques for Black-Box
Neural Networks
In recent years, the field of explainable artificial
intelligence has grown at a rapid pace, with deep
neural networks achieving unprecedented
performance on complex tasks while mostly remaining
obscure in their ways of decision-making. This paper
reviews the current state of research into XAl
techniques, with a particular emphasis on those
methods that aim to render black box neural networks
more interpretable and trustworthy. The review
identifies and synthesizes findings from foundational
theoretical work, comparative empirical studies,
surveys, and domain specific applications that provide
a comprehensive understanding of how researchers
and practitioners are addressing the challenge of
neural network opacity.
The theoretical foundations of explainable Al rest on
the distinction between interpretability and
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explainability, concepts that are often used
interchangeably but carry nuanced differences. Doshi-
Velez and Kim established a rigorous framework for
understanding interpretability, defining it as the degree
to which a human can understand the cause of a
decision made by a model. Their work emphasizes that
interpretability is context-dependent and must be
evaluated relative to specific user needs, domain
constraints, and application requirements. This
foundational perspective has shaped subsequent
research by highlighting that no single definition of
interpretability suffices for all scenarios. Building on
this, multiple researchers have proposed that
interpretability encompasses several

dimensions including transparency, which refers to
how openly the model's internal mechanisms can be
inspected, and post-hoc explainability, which involves
generating explanations after a model has been trained.
The lack of standardized definitions has led to some
confusion in the field, with overlapping concepts
related to ethics, trustworthiness, technicalities, and
explainability creating challenges for comparative
research.

The literature broadly categorizes XAI methods into
two major approaches: model-agnostic and model-
specific techniques. Model-agnostic methods treat the
underlying model as a black box and generate
explanations by analyzing input- output relationships
without requiring access to internal model
architecture. Ribeiro and colleagues introduced one of
the most influential model-agnostic methods, LIME,
which creates local surrogate models to approximate
complex model behaviour around specific instances.
LIME works by perturbing input data, observing
prediction changes, and fitting an interpretable linear
model that mimics the black-box model's local
behaviour. This approach has been widely adopted
across various domains because of its flexibility and
intuitive explanation format. However, research has
also revealed important limitations of LIME, including
sensitivity to hyperparameters, instability across
different runs, and potential vulnerability to
adversarial manipulation where models can be
designed to produce misleading explanations.
Another prominent model-agnostic approach is
SHAP, introduced by Lundberg and Lee, which
grounds feature attribution in cooperative game theory
by computing Shapley values for each input feature.
SHAP provides theoretically rigorous explanations
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with desirable properties including local accuracy,
consistency, and missingness, making it particularly
valuable for applications requiring mathematical
guarantees. Comparative studies have shown that
SHAP tends to produce more consistent and globally
interpretable  results than LIME, though at
significantly higher computational cost. Research
comparing user perceptions of different XAl methods
found that explanations generated by SHAP were
generally perceived as more trustworthy and
informative, particularly when users needed to
understand feature importance across an entire dataset
rather than for individual predictions.

Model-specific methods take advantage of the internal
structure of neural networks to generate explanations.
These techniques are particularly well- developed for
convolutional neural networks used in image
classification tasks. Selvaraju and colleagues
introduced Grad CAM, which wuses gradient
information flowing into the final convolutional layer
to produce class-discriminative localization maps
highlighting regions of an image most relevant to a
prediction. Grad CAM has become one of the most
widely used visualization techniques because it
efficiently identifies spatial regions contributing to
predictions while maintaining
computational costs. Comparative research has
demonstrated that Grad CAM excels at pinpointing
class-specific features such as facial structures in
animal classification or diagnostic markers in medical
imaging, making it invaluable for domain experts who
need to verify that models focus on clinically or
scientifically relevant features.

reasonable

Guided Backpropagation represents another model-
specific visualization approach that modifies standard
backpropagation to produce high-resolution saliency
maps by filtering out negative gradients during the
backward pass. While Guided Backpropagation
generates visually appealing, detailed explanations
that highlight fine-grained textures and edges, research
has shown it lacks the class- specific discrimination of
Grad CAM and can sometimes produce noisy results.
Studies comparing visualization methods have found
that combining Guided Backpropagation with Grad
CAM often provides the most comprehensive
understanding, leveraging the spatial localization of
Grad CAM with the detail of Guided
Backpropagation.

A significant body of research has emerged comparing
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these different XAI approaches to understand their
relative strengths, limitations, and appropriate use
cases. Devireddy's comparative study systematically
evaluated LIME, SHAP, Grad-CAM, and Guided
Backpropagation on ResNet50 predictions across
diverse image categories including dogs, birds, wild
animals, and insects. This work found that model-
agnostic techniques provide broader feature attribution
applicable across different architectures but
sometimes highlight background elements or
irrelevant features, potentially exposing model biases.
In contrast, model-specific approaches excel at
highlighting precise activation regions with greater
computational efficiency but are constrained to
particular network architectures. The study concluded
that no single method provides a complete picture and
recommended hybrid approaches that combine
multiple techniques for comprehensive
interpretability.

Several comprehensive surveys have synthesized the
rapidly growing XAI literature to identify trends,
challenges, and future directions. Li and colleagues
conducted an extensive review of interpretable deep
learning, proposing a taxonomy that distinguishes
between intrinsic interpretability, where models are
designed to be inherently understandable, and post-
hoc interpretability, where explanation methods are
applied to already-trained models. Their review
emphasized the fundamental tension between model
complexity and interpretability, noting that highly
accurate deep models tend to be less interpretable
while simpler, more interpretable models may sacrifice
performance. This accuracy-interpretability tradeoff
remains one of the central challenges in XAI research
and has motivated work on inherently
interpretable  neural architectures and hybrid
approaches that balance both objectives.

Arrieta and colleagues provided one of the most
comprehensive taxonomies of XAI methods,
categorizing techniques based on when explanations
are provided relative to model training, whether they
offer local or global interpretability, and whether they
are model-specific or model-agnostic. Their
systematic review of over two hundred studies
identified key challenges including the lack of
standardized evaluation metrics, subjective nature of
interpretability, computational scalability issues, and
the difficulty of validating whether explanations truly
reflect model reasoning versus providing plausible but
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potentially misleading narratives. These challenges
highlight that XAI research must go beyond
developing new explanation methods to also establish
rigorous evaluation frameworks and user studies that
assess whether explanations improve human
understanding and decision making.
Domain-specific applications of XAI have revealed
both the necessity and unique challenges of
interpretability in high-stakes contexts. In healthcare,
where Al systems assist with diagnosis, treatment
recommendations, and patient risk assessment,
explainability is not merely desirable but often legally
and ethically required. Medical XAI research has
focused on techniques that highlight diagnostically
relevant image regions, explain prediction confidence,
and provide counterfactual reasoning about what
changes would alter predictions. Studies have shown
that clinicians are more likely to trust and adopt Al
systems when provided with clear explanations that
align with medical knowledge and highlight features,
they recognize as diagnostically significant. However,
research has also identified risks of over-reliance on
Al explanations, particularly when explanations
appear convincing but may not accurately represent the
model's actual reasoning process.

Evaluation of XAI methods remains a critical
challenge and active research area. While numerous
explanation techniques have been proposed,
rigorous frameworks for assessing their quality,
fidelity, and utility are still developing. Benchmarking
studies have identified several important evaluation
dimensions including faithfulness, which measures
how accurately explanations reflect true model
behaviour robustness, which assesses stability of
explanations under small input perturbations; and
comprehensibility, which evaluates whether humans
can understand and act on the explanations. A survey of
XAI evaluation toolkits found that different
frameworks often produce inconsistent results when
evaluating the same explanation method, highlighting
the need for standardized benchmarks and evaluation
protocols. User studies comparing different XAI
methods have provided valuable insights into how
practitioners perceive and utilize explanations,
revealing that effectiveness depends heavily on user
expertise, domain context, and specific task
requirements.

Recent research has also explored vulnerabilities and
limitations of XAI methods. Ghorbani and colleagues
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demonstrated that neural network interpretations can
be fragile, with small adversarial perturbations to
inputs producing dramatically different explanations
while leaving predictions unchanged. Similarly, Slack
and colleagues showed that models can be designed to
fool popular explanation methods like LIME and
SHAP, producing misleading explanations that appear
to highlight benign features while the model relies on
sensitive or biased attributes. These findings
underscore that XAl methods must be evaluated not
just for their ability to produce plausible explanations
but for their robustness and resistance to manipulation.
Looking toward future directions, the literature
identifies several promising research avenues. Hybrid
explainability approaches that combine multiple XAI
methods are gaining attention to leverage
complementary strengths and mitigate individual
weaknesses. Extending XAl techniques to emerging
architectures such

as transformers, which have revolutionized natural
language processing and are increasingly used for
vision tasks, presents both challenges and opportunities
since attention mechanisms provide some inherent
interpretability, but the overall model complexity
remains substantial. Human in the loop approaches
that integrate domain expert feedback to refine and
validate explanations represent another important
direction, recognizing that interpretability is
fundamentally about human understanding rather
than purely technical measures.

III. FOUNDATION OF EXPLAINABLE Al (XAI)

Explainable Artificial Intelligence, or XAl is all about
making Al systems easier to understand and trust.
Some key terms help explain this idea clearly.
Interpretability means how well a person can
understand the workings of an AI model how it
processes information and reaches decisions.
Transparency refers to how openly and clearly; we can
see the inner mechanisms and data used by the Al
Trust happens when users feel confident that the AI’s
decisions are reliable and fair.

Mathematically, interpretability can be thought of as
a function

IM)=f (M, D, C) IM)=f (M, D, C), where I(M) is
the interpretability of model

M. This depends on the model itself the data D it is
trained on, and certain constraints C, like how much
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technical knowledge the user has or how fast the
explanation needs to be. There are two main categories
of XAI methods. Model agnostic methods work with
any Al model regardless of their internal structure and
explain behaviour from the outside. Examples include
LIME and SHAP, which analyse how different parts of
the input affect the model’s output. Model specific
methods, like Grad CAM and Guided Backpropagation
are designed for specific types of models such as
convolutional neural networks and use the model’s
internal details to explain decisions.

Model agnostic methods treat the Al model as a "Black
Box." They do not need to know how the model is built
or what happens inside it. Instead, they focus on the
relationship between inputs and outputs by observing
changes when inputs are varied. These methods are
flexible and can be used with any model, such as
decision trees or support vector machines.

For example, LIME (Local Interpretable Model
Agnostic Explanations) works by creating a simpler,
easy to understand model around one prediction to
explain why the model made that decision. SHAP
(SHapley Additive exPlanations) assigns importance
scores to each feature using ideas from game theory,
helping identify which parts of the input contributed
most to the output. Other examples include partial
dependence plots and permutation feature importance,
which show how changing one feature changes the
model’s prediction on average. Although powerful and
flexible model agnostic methods can be slower because
they analyse the model from the outside without
access to its internal workings.

Model specific methods, on the other hand are
designed to work with particular types of models by
using their internal structure for explanations. They are
usually faster and more precise but only work for
certain models.

For example, Grad CAM (Gradient weighted Class
Activation Mapping) uses the inner layers of
convolutional neural networks (CNNs) to create
heatmaps that highlight which parts of an image the
model focused on when making its prediction. Guided
Backpropagation modifies the way gradients flow
backward through a neural network to produce
detailed visualization of important features.

For decision trees model specific methods might
include analysing the contribution of features at
specific splits in the tree. The downside is these methods
lose flexibility since one technique cannot be applied
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to all model types but only to the specific models they
are designed for evaluate how well XAl methods work,
researchers look at some key measures. Accuracy
checks if the explanation truly reflects the model’s
behaviour. Lack measures how simple and brief the
explanation is, Stability means the explanation should
remain consistent under small changes in the input.
Computational cost considers how much time or
computing power is needed to generate the
explanation. By balancing these factors XAI aims to
provide reliable and wuseful insights into Al
predictions.

IV. MODEL AGNOSTIC XAI METHODS

4.1 Local Interpretable Model Agnostic Explanation
(LIME)
The Local Interpretable Model Agnostic Explanations
or LIME is a widely used method for explaining the
decisions of complex, Black Box models like deep
neural networks. The main idea behind LIME is to
create a simpler model that can mimic the behaviour of
the complex model but only in a small local area
around a specific data point. This allows us to
understand why the model made a particular decision
for one example without needing to understand how
the model works overall.
LIME works by first taking the data point we want to
explain and making many small changes to it creating
slightly different versions of this point called
perturbations. These new modified points are then fed
into the original black box model, which provides
predictions for each concern point. By observing how
the predictions change with these small variations
LIME collects information about the model's
behaviour in the neighbourhood of the original data
point.
Next, LIME fits a simple interpretable proxy model
like a linear regression or decision tree on this new set
of perturbed data and their corresponding predictions.
Because the proxy model is simpler it is easy to
interpret and understand its parameters or structure
indicate which features are most important in
influencing the model’s decision in that local area.
Mathematically, LIME optimizes a function that
balances two goals. It tries to make the proxy model
closely approximate the black box model's predictions
near the original point (local fidelity) while keeping
the proxy model simple enough that humans can
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interpret it (regularization for interpretability). This
balance helps provide truthful yet understandable
explanations.

There are several strengths to LIME. It is model
agnostic, so it can explain any prediction regardless of
the underlying model type be support vector machines,
or random forests. It offers local explanations focusing
on specific predictions rather than the whole model,
which is useful in many real-world scenarios. LIME
supports various data types, including images, text, and
tabular data, adding to its versatility.

However, LIME has limitations. The explanations can
sometimes be unstable, meaning small changes in how
perturbations are generated might lead to different
explanations. The method is also sensitive to the
choice and number of perturbations used which
requires careful tuning. Additionally, because the
explanations are local, they do not provide insight into
the model’s overall global behaviour, so one cannot
rely solely on LIME to understand all decisions of the
model.

4.2 Shapley Additive Explanations (SHAP)
Shapley Additive Explanations, known as SHAP, is a
powerful technique grounded in cooperative game
theory that helps us understand how each input feature
influences a prediction made by a complex model,
such as a deep neural network. The core concept of
SHAP is to fairly distribute credit for a model’s output
among all the features just like how a team’s victory can
be divided among its players based on each member’s
contribution. In the world of machine learning, each
feature is treated like a “PLAYER,” and the final
prediction is seen as the “PAYOFF” or result of their
combined efforts.

To accomplish this SHAP forms groups of features
called feature coalitions and carefully examines how
adding or removing an individual feature from these
groups changes the model’s predictions. For every
possible group of features, SHAP calculates how
much the outcome would change if a particular feature
joined the group. By averaging the effects across all
possible feature combinations, SHAP arrives at a fair
score called the Shapley Value for every feature. The
mathematical expression that captures this idea is:

|S[}(m — |S| - 1)!

$i= Y =

[F(SU{i}) — £(S)]

SCF\{i}
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Here, (¢1) phiis the Shapley value for featurei, F is the
set of all features S is any subset of features not
including i, and f (S) is the model’s prediction using
just the features in S.

The formula measures the difference in prediction
caused by including feature i weighted to be fair for
groups of all sizes. This solid mathematical foundation
ensures that SHAP’s attributions are consistent if the
importance of a feature increases for a prediction its
Shapley Value will not go down.

The SHAP workflow involves assembling every
possible coalition of features calculating the marginal
impact each feature has across all groupings and
assigning each feature its average effect on the
prediction. In real practice because the number of
possible coalitions grows very quickly as the number
of features increases SHAP uses clever shortcuts and
approximation algorithms (like Kernel SHAP or Tree
SHAP) to make the computation faster and practical for
real world datasets.

One major benefit of SHAP is its strong consistency
and fairness, meaning its explanations are dependable
for both individual (local) predictions and overall
(global) behaviour across the model. SHAP can also
handle different model types making it widely useful.
However, the method is not perfect. Calculating true
Shapley Values can be very computationally
expensive especially with many features. Since it
requires considering every possible grouping.
Approximate versions of SHAP help but still may
require significant computing resources. Additionally,
SHAP’s explanations are sometimes more difficult to
interpret than simpler methods, especially for very
complex models.

SHAP stands out because it connects ideas from game
theory to real world Al models providing consistent
and fair explanations of feature importance. Its
combination of local and global explanations makes it a
preferred tool for building trust in Black Box systems
though users must consider its computational demands
and use approximate algorithms for large problems.

V. MODEL SPECIFIC XAI METHODS

5.1 Gradient Weighted Class Activation Mapping
(Grad CAM)

Gradient weighted Class Activation Mapping or Grad

CAM is a powerful model specific explainability
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method primarily used to understand and visualize the
decisions made by convolutional neural networks
(CNNs) which are widely applied to image
classification and recognition tasks. The central idea
of Grad CAM is to highlight the specific parts of an
input image that the neural network focuses on when
making its prediction. This produces a heatmap
showing the regions of the image that contributed most
strongly to the model’s decision allowing users to see
exactly what the model “Looks At” during
classification.

Grad CAM works by first performing a forward pass
through the CNN where the image is processed
through multiple layers of convolution and pooling to
produce feature maps in the last convolutional layer.
These feature maps contain spatial information about
the image such as edges, textures, or shapes that the
network has identified. Unlike fully connected layers
this convolutional layer retains the spatial layout,
which is crucial for understanding which parts of the
image are important.

Grad CAM selects the target class (usually the
predicted class) and calculates the gradient of the class
score with respect to the feature maps in the last
convolutional layer. These gradients tell us how
sensitive the class score is to changes in each feature
map. By applying a global average pooling over these
gradients, Grad CAM converts them into importance
weights representing how much each feature map
influences the class.

Using these weights Grad CAM computes a weighted
combination of the feature maps, where more
important maps contribute more heavily. To ensure
that only features positively impacting the class are
visualized the method applies a ReLU (Rectified
Linear Unit) operation effectively filtering out negative
influences. The result is a coarse heatmap indicating
regions in the image with the greatest positive effect on
the prediction.

This heatmap is resized to the original input image size
and overlaid as a colour map on top of the image. The
visual result clearly shows which areas influenced the
model most such as the eyes and face of a dog or the
wing pattern of a bird.

Mathematically, the Grad-CAM heatmap Lc for
class ¢ is computed as:
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where Ak is the k-th feature map from the last
convolutional layer, and akc is the importance weight
calculated as the average gradient of the class score yc
with respect to the feature map pixels:

Here, Z is the number of pixels in the feature map, and
the summations run over spatial dimensions i, j.

Grad CAM is highly valuable in many practical use
cases. In healthcare for example, it helps explain
medical image diagnoses by showing doctors precisely
which regions of an X-ray or MRI the model bases its
decision on. This increases trust and provides an
additional layer of verification crucial for critical
decisions. In autonomous vehicles, Grad CAM can
visualize what parts of the scene a self- driving car
considers important when identifying objects such as
pedestrians or traffic signals.

Moreover, in manufacturing and surveillance, Grad
CAM aids in debugging models by visualizing if the
network focuses on the correct parts of an image or is
distracted by irrelevant background features.

What makes Grad CAM especially useful is its ability
to generate explanations without changing or
retraining the original CNN model preserving its
accuracy while offering visual interpretability.
Although the heatmap may be coarse and lacks fine
detail compared to other visualization techniques, it
balances clarity with spatial localization, making it a
highly popular method for understanding CNN based
deep learning models.

5.2 Guided Backpropagation

Guided Backpropagation is a detailed explanation
technique that modifies the traditional
backpropagation process to highlight which parts of an
input such as an image are most important for a neural
network’s prediction. Unlike regular backpropagation,
which is used to train the network by adjusting weights
based on errors, guided backpropagation focuses
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purely on visualizing input areas that positively
influence the output. It does this by filtering the
gradients during the backward pass to allow only
positive contributions to flow backward through the
network. This adjustment leads to high resolution,
finely detailed visualizations that show exactly what
details in the input contributed to the network’s
decision.

The process begins with a forward pass, where the input
image moves through the neural network layers
producing activation maps at each stage. After the
output is computed the backward pass begins. During
this pass, guided backpropagation imposes two main
constraints, it blocks negative gradients from flowing
backward and it only allows neurons that were
activated in the forward pass to pass their gradients
back. This means that only features that actively
support the class prediction are highlighted, while
suppressing influences that would reduce the predicted
class probability.

This selective gradient flow results in sharper and
more focused saliency maps compared to traditional
backpropagation clearly showing the fine edges and
textures in the input that the network finds
important.

Although guided backpropagation creates highly
detailed and visually appealing heatmaps it does have
some limitations. One important drawback is that its
visualizations are class agnostic. This means it
identifies important features in the input but does not
always specify which class those features belong to
unlike methods such as Grad CAM which localize
class specific regions. Moreover, the method can
sometimes produce noisy results with extra details that
may not be directly related to the final classification
making the explanation harder to interpret clearly in
some cases. Despite this, its ability to emphasize fine
grained details makes it invaluable for understanding
what a network attends to in image inputs and
debugging complex models.

In practical uses, guided backpropagation shines in
areas requiring insight into subtle features, like
medical imaging where it can highlight patterns in
scans that influence diagnoses or in natural image
processing to see how texture and edges guide
classification. Its high-resolution outputs also make it
an excellent complement to coarser methods such as
Grad CAM, helping researchers combine different
visualization tools for a understanding of neural
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network predictions.

Guided backpropagation improves interpretability by
delivering sharp and detailed explanations that
visualize input features supporting model decisions.
When used alongside other explainability methods it
contributes to a clearer and richer understanding of
deep neural networks’ inner workings.

XAI Methods Evaluation Comparison Table:
Laten|Memory|Scalabi|lnterpret| Hyperpara

cy lity | ability | meter
Sensitivity
LIME 6.8 | 1.07 | 64 | 2.86 2.18

SHAP 63 | 195 57 | 226 1.25

Grad CAM | 5.0 [ 1.85 | 157 | 2.76 1.45

Guided 25| 1.84 | 249 | 2.74 2.15

Backpropagatio
n

VI. COMPARATIVE CASE STUDY: ResNet50 ON
SPECIES DATASET

6.1 Experimental Design

In this study, ResNet50 was chosen as the deep
learning model for our comparative analysis of
explainable Al techniques due to its proven
effectiveness and popularity in computer vision tasks.
ResNet50 is a convolutional neural network composed
of 50 layers structured around residual blocks with
skip connections. These residual blocks enable the
network to overcome the vanishing gradient problem,
a common issue in deep neural networks where the
training signal diminishes as it travels back through
layers. Skip connections act like shortcuts that allow
gradients and information to flow more easily through
the network, ensuring stable training and enabling the
construction of deeper more powerful models. This
architecture makes ResNet50 highly suitable for
complex image classification problems where
capturing hierarchical and abstract features is
essential. Given its widespread adoption in image
recognition challenges and availability in popular deep
learning frameworks such as TensorFlow and
PyTorch, ResNet50 presents a robust and reliable
backbone for implementing and evaluating
interpretability techniques. For the dataset, seven
diverse species were selected ranging from domestic
dogs like Samoyeds and Maltese to wild animals such
as coyotes and Egyptian cats along with birds like the
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American Robin and Goose and the insect Ladybug.
This collection was chosen deliberately to encompass
a wide variety of visual patterns, textures, colors, and
shapes. Each species presents unique visual
challenges: for example, fur texture and facial features
in mammals, feather patterning in birds, and distinct
colour spots and shell shape in insects. Such diversity
enables a comprehensive evaluation of interpretability
methods across different image types and feature
complexities.

Implementation of the four XAl methods LIME,
SHAP, Grad CAM, and Guided Backpropagation was
undertaken to compare their explanatory power and
effectiveness on the ResNet50 model's predictions
across this species dataset. First, the ResNet50 model
was trained or fine-tuned on labeled images of these
species to ensure high classification accuracy. Next,
XAI methods were applied individually to each
prediction made by ResNet50. For LIME and SHAP
which are model agnostic, the necessary input
perturbations and coalition evaluations were generated
to produce feature importance explanations without
needing architecture specific details.

For Grad CAM and Guided Backpropagation, model
specific internal gradients and activations were
extracted, enabling the generation of visual saliency
maps that highlight class relevant image regions. The
explanations were then analyzed and compared based
on interpretability, localization accuracy,
computational efficiency, and stability. Through these
steps, the study aimed to reveal the strengths and
limitations of each XAl technique in making sense of
the complex decision-making process inherent in
deep neural networks like ResNet50.

6.2 Visualization And Interpretation

A critical part of assessing explainable Al techniques
is to visualize how each method interprets the same set
of images and to carefully analyse the differences. In
this study, we applied the four chosen methods LIME,
SHAP, Grad CAM, and Guided Backpropagation on
images of seven diverse species, including dogs like
Samoyed and Maltese, wild animals such as the coyote
and Egyptian cat, birds like the American Robin and
Goose, and insects like the ladybug. By laying out
these visualizations side by side, we gain not only a
qualitative understanding but also insight into where
each method excels or falls short.

For example, LIME and SHAP, both model agnostic,
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tend to highlight a broad set of image regions
contributing to the prediction. In dogs, these methods
often illuminate the full outline of the animal’s body,
capturing texture and shape broadly rather than
focusing on specific features. However, with wild
animals, LIME and SHAP sometimes include
background elements, exposing a potential limitation
in precision because their perturbation-based
workflows consider local pixel regions independently,
which may inadvertently incorporate irrelevant
surrounding details. Their heatmaps provide a holistic
but sometimes noisy explanation for the model’s
confidence, showcasing feature importance but less
spatial focus.

In contrast, Grad CAM and Guided Backpropagation
model specific methods produce more spatially
concentrated explanations. Grad CAM commonly
highlights discriminative regions such as the face,
eyes, or distinct textures relevant for classification. For
instance, in bird images, Grad CAM tends to focus on
the head and beak, underlining the CNN's reliance on
key class specific features during prediction.

Guided Backpropagation produces very high
resolution and detailed visualizations that make edge
patterns and fine textures visible, such as fur contours
in dogs or feather details in birds. Despite its detail,
Guided Backpropagation may not localize the class
specific evidence as clearly as Grad CAM, sometimes
resulting in noisy maps that show broader input area
importance.

Beyond individual images, comparative tables
summarize these XAl methods by highlighting their
strengths, weaknesses, and ideal use cases. LIME is
praised for its model agnostic flexibility and intuitive
explanation but criticized for sensitivity in
perturbation size and somewhat unstable results. SHAP
stands out for its strong theoretical foundation and
consistent global and local interpretability albeit with
higher computational cost making it slower for deep
models. Grad CAM is lauded for efficient, and class
discriminative localization suited for CNNs with real
time capabilities, yet its heatmaps are coarse and less
detailed. Guided Backpropagation offers exceptional
resolution and fine texture visualization but lacks
class specificity and can introduce noise.

These visualizations and comparisons demonstrate
that no single explainability method is universally
best. Instead, their use depends on the task
requirements: LIME and SHAP are valuable for
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general purpose interpretations over diverse

models, whereas Grad CAM and Guided
Backpropagation provide sharper spatial

insights specific to CNN architectures. Combining
insights from these methods can enhance

Original Grad-CAM

(a)

Original

(b)

Original Grad-CAM

(<)

(d)

.

Supporting interpretability claims in Explainable Al is
a well-researched area with extensive academic
literature. The following three academic citations
provide strong support for claims regarding the
importance, methodologies, and evaluation of
interpretability in Al systems:

1. Doshi-Velez, F., & Kim, B. (2017). Towards A
Rigorous Science of Interpretable Machine
Learning. (arXiv preprint arXiv:1702.08608).

e This paper discusses the foundational
concepts of interpretability, proposing
clear definitions, and evaluation principles. It
underlines why nterpretability is essential for
trust, debugging, and compliance in Al
systems and reviews different interpretability
methodologies.

2. Lundberg, S. M., & Lee, S.-1. (2017). A Unified
Approach to Interpreting Model Predictions. In
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interpretability comprehensively, balancing holistic
feature attribution with precise class-related
localization to build more transparent and trustworthy
Al systems.

SHAP

SHAP

LIME SHAP

SHAP

)

Advances in Neural Information Processing
Systems (pp. 4765-4774).

e This seminal work on SHAP presents a
theoretically sound method for consistent and
fair feature attribution in complex models,
reinforcing the  value of  rigorous,
mathematically  grounded interpretability
techniques.

3. Selvaraju, R. R., Cogswell, M., Das, A.,
Vedantam, R., Parikh, D., & Batra, D. (2017).
Grad-CAM: Visual Explanations from Deep
Networks via Gradient Based Localization. In
Proceedings of the IEEE International
Conference on Computer Vision (pp. 618—
626).

e This study introduces Grad CAM, a model
specific technique that visually localizes
important regions for class predictions in
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convolutional neural networks, supporting the

argument that interpretability methods can

improve transparency in deep learning.
These authoritative sources bolster the claims made
about interpretability and its crucial role in making
Al systems more understandable and trustworthy.

VII. COMPARATIVE ANALYSIS

The comparative analysis of the four explainable Al
methods LIME, SHAP, Grad CAM, and Guided
Backpropagation reveals important differences in their
strengths, limitations, and suitability depending on the
use of case and model architecture. One key finding is
that model-agnostic methods like LIME and SHAP
offer broad applicability across different types of Al
models. They are versatile because they treat the
model as a black box and do not rely on internal
mechanisms, which means they can interpret
predictions made by any machine learning system.
This generalizability is a strong advantage, especially
in scenarios where the model architecture is unknown,
proprietary, or too complex to deconstruct. However,
this flexibility comes with tradeoffs at precision and
computational cost.

Both LIME and SHAP can sometimes highlight
irrelevant features or background areas in images,
indicating potential biases or limitations in their
perturbation and coalition sampling approaches. These
methods may assign importance to regions that do not
genuinely influence the model’s decision, leading to
noise in explanations. Moreover, SHAP while
theoretically rigorous and consistent, requires
substantial computation, which can limit its
practicality on large scale or real-time systems.

In contrast, model specific methods like Grad CAM
and Guided Backpropagation provide explanations
that are tightly coupled with the model’s internal
structure, particularly convolutional neural networks.
Grad CAM excels in delivering class- specific,
spatially localized heatmaps that highlight the most
discriminative regions of an image contributing to a
particular class of prediction. For example, Grad CAM
often emphasizes facial or body parts in animals,
directly aligning with

how a human might classify those species. This
targeted  explanation  enhances  trust and
interpretability by making clear not just which
features are important, but also where in the input they
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are located. Guided Backpropagation, on the other
hand, generates high-resolution visualizations that
expose fine-grained textures and edges, allowing an
intricate understanding of what low-level features the
network uses. While its visual outputs arerich in detail,
Guided Backpropagation lacks class specificity and
may produce noisy maps, making the results less
straightforward to interpret compared to Grad
CAM’s focused localization.

This study found that combining these approaches
provides a more complete picture of model decision
making. For instance, using model agnostic methods
helps identify broad feature contributions and
potential biases that might go unnoticed by model
specific techniques. Meanwhile, Grad CAM and
Guided Backpropagation offer deeper inspection into
localized and finer details, supporting model
debugging and  enhancing domain  expert
understanding. Quantitative performance analysis,
such as measuring explanation fidelity and stability,
showed that SHAP provides consistent explanations
aligned with model behaviour, though at a heavier
computational burden. User studies in similar research
contexts suggest that explanations combining global
and local perspectives are most effective in improving
user trust and facilitating human Al collaboration.

In short, no single XAI method dominates in all
aspects rather; each has unique advantages and
limitations. Model agnostic methods bring flexibility
at the cost of potential noise and computation while
model specific methods provide focused, detailed
explanations restricted to certain architectures. Careful
consideration of these tradeoffs and purposeful use of
hybrid approaches allows practitioners to leverage the
strengths of each moving toward more transparent,
trustworthy, and usable Al systems.

VIII. PRACTICAL CONSIDERATIONS AND
TRADEOFFS

When choosing between model-agnostic and model-
specific explainable AI methods, one of the most
important considerations is the trade-off between
generalization and model constraints. Model agnostic
methods, such as LIME and SHAP, offer the
advantage of being flexible and applicable to a broad
range of models, irrespective of their internal
structure. This makes them particularly useful in
environments where the underlying model is either
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unknown or proprietary, or when multiple different
models need interpretation. However, this flexibility
often comes at a cost model agnostic methods
typically require extensive computational resources
due to their post hoc nature, as they rely on repeated
sampling and approximations around input instances
to generate explanations. This can limit their
suitability in time sensitive or resource constrained
applications.

On the other hand, model-specific methods like Grad
CAM and Guided Backpropagation leverage the
unique architecture of certain models especially
convolutional neural networks to provide explanations
that are more precise and computationally efficient.
By accessing internal model information such as
gradients and activation maps, they can generate
spatially and class specific visualizations rapidly,
which is vital for real time applications like medical
imaging diagnostics or autonomous vehicle perception
systems. However, these methods are constrained to
specific architectures and may not generalize well to
other types of models such as decision trees or
transformers, requiring practitioners to ensure
compatibility before deployment.

Consistency and reliability of explanations are also
critical factors. Model agnostic approaches provide
global and local interpretability, offering a wider
perspective on feature importance across datasets but
can be sensitive to choice of parameters, perturbations,
and sometimes yield unstable explanations.
Conversely, model specific explanations are typically
more stable and aligned with the network’s learned
features but might overlook broader global patterns
important for understanding overall model behaviour.
These trade-offs become especially significant in real-
world applications where regulatory compliance and
ethical considerations are paramount. In healthcare, for
example transparency and explainability are non-
negotiable to meet standards like HIPAA or the EU’s
GDPR. Interpretability methods must be both
trustworthy and auditable to gain clinician acceptance
and regulatory approval. Similarly, in finance,
explanations must withstand scrutiny to comply with
regulations governing lending, fraud detection, and
risk management. Thus, practitioners are often
required to balance explanation of fidelity, speed, and
clarity with regulatory mandates and ethical
responsibilities.

For practitioners, the recommendation is to adopt a
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hybrid approach that strategically combines model-
agnostic and model-specific methods to harness their
complementary strengths. Using model agnostic
methods such as SHAP for comprehensive feature
attribution alongside model-specific techniques like
Grad CAM for fine grained spatial insights provides
richer and more trustworthy explanations.
Additionally optimizing computational pipelines,
tuning hyperparameters for stability, and integrating
human in the loop verification steps can further
enhance explanation quality and practical usability.
In selecting the appropriate XAl technique depends
heavily on the specific context, model type,
computational budget, and regulatory requirements of
the application. Awareness of these trade-offs and
thoughtful integration of multiple explanation methods
empower practitioners to create Al systems that are not
only accurate but also transparent, reliable, and
aligned with societal expectations.

For practitioners aiming to implement explainable Al
(XAI) methods effectively, the following concrete
recommendations and a step -by-step checklist provide
apractical guideline to maximize interpretability and
reliability.

Practitioner Recommendations:

1. Assess Model Type and Use Case:

Begin by identifying whether your Al model is a
convolutional neural network, random forest, or other
type. This choice directs whether model specific
methods (e.g., Grad CAM, Guided Backpropagation)
or model agnostic approaches (e.g., LIME, SHAP)
are most appropriate.

2. Combine Multiple XAI Methods:

Hybrid approaches often yield the most robust
interpretability. Use model agnostic techniques to
gain global feature importance and model specific
methods to obtain localized, spatial explanations.

3. Tune Explainability Parameters:

Parameters such as perturbation size in LIME or
feature coalitions in SHAP significantly affect
explanations. Carefully tune these based on validation
data to reduce instability and noise.

4.  Validate Explanations with Domain Experts:
Collaborate with experts who understand the data and
domain context to verify that explanations make
sense and correspond to meaningful features.
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5. Incorporate Computational Constraints:
Balance the choice of XAI method with available
computational resources and latency requirements,
especially for real time applications.

6. Document and Audit Interpretability:
Maintain detailed records of explanation procedures
and their outcomes to support regulatory audits,
particularly in critical domains like healthcare or
finance.
Step-by-Step Practitioner Checklist:
1. Model & Data Preparation:

. Confirm model type and architecture

. Check that the dataset is properly labeled

and representative.

2. XAI Method Selection:

. Choose model-agnostic or model-specific
techniques based on model type and
interpretability goals.

. For CNNs, prioritize Grad-CAM and
Guided Backpropagation alongside LIME
or SHAP.

3. Implementation Configuration:
. Set parameters for perturbations, coalition
sizes, or gradient thresholds.
. Define the subset of data points for
explanation.

4. Generate Explanations:

. Run chosen XAI methods on model
predictions.
. Create visualizations (heatmaps, feature

importance graphs).

5. Review & Validate:
. Inspect explanations for consistency,
relevance, and completeness.
. Seek feedback from domain experts to
assess interpretability.
6. Optimize & Repeat:
. Adjust parameters to improve stability
and reduce noise.
. Repeat with different samples or models
to verify robustness.
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7. Integrate & Monitor:
. Embed interpretability procedures into Al
deployment pipelines.
. Continuously monitor model explanations
for post deployment for drift or anomalies.

8. Compliance Documentation:

. Keep records for regulatory compliance
demonstrating interpretability efforts and
findings.

Essential tools and materials for concrete placement
and inspection include a variety of equipment and
safety gear necessary to ensure quality and safety
throughout the process. Key tools start with concrete
mixers, which thoroughly blend the cement,
aggregates, and water to produce a consistent mix. To
transport mixed concrete on site, wheelbarrows are
commonly used, particularly for small batches. Rubber
boots and gloves are crucial protective gear for workers
to prevent skin contact with wet concrete, which can
be harmful. Safety glasses are also important to
protect eyes from dust and debris.

For placing and shaping concrete, shovels help spread
the concrete into forms, while rakes or specialized
concrete rakes (come along rakes) help level and
distribute the material evenly. Floats and screeds are
used to smooth and level the freshly poured surface for
a uniform finish. When concrete is placed on rough or
uneven subbases, compactors assist in preparing a
stable base by consolidating aggregate layers.

To maintain the correct level and alignment during
placement, tools like levels (laser or spirit levels) and
tape measures are essential for verifying dimensions
and slopes. Concrete vibrators are employed to remove
trapped air bubbles and ensure dense compaction,
preventing voids and improving strength. Cutting tools
such as saws may be required to create control joints
or manage forms. For curing and strength testing,
moisture meters, thermo-hygrometers, and curing
tanks or boxes help monitor environmental conditions
and maintain optimal moisture levels critical for
concrete durability.

IX. EXTENSIONS AND FUTURE DIRECTIONS
The field of explainable Al (XAI) continues to evolve,

and several promising directions are shaping the future
of making Black Box models more transparent and
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trusted. One important direction is the development of
hybrid explainability methods. These approaches
merge the strengths of both model agnostic and model
specific techniques to deliver balanced and richer
explanations. For example, a hybrid workflow might
use a global model agnostic technique like SHAP to
give an overview of feature importance for the entire
model, while also using Grad CAM or Guided
Backpropagation to provide detailed location specific
visual explanations for individual predictions. Such
combinations help address the limitations of any
single approach and can be fine-tuned to meet specific
user or regulatory needs.

Another key extension is scaling XAI methods to
handle larger datasets or adapt them for real time
environments. As neural networks are applied to
massive image libraries, video streams or highspeed
IoT sensor data existing XAI techniques must be
optimized for speed and efficiency. This could mean
developing faster algorithms for computing
explanations, leveraging parallel computing resources
or creating lightweight surrogate models that
approximate deeper more complex systems with
minimal lag. These improvements enable the practical
deployment of explainable Al even when decisions
must be made instantaneously.

Looking beyond traditional neural networks XAl is
also expanding to explain emerging model
architectures, such as transformers and graph neural
networks. Transformers, widely used in natural
language processing and computer vision process long
sequences of data in parallel but are especially difficult
to interpret due to their attention mechanisms and
depth. Researchers are now creating custom
explanation tools that visualize attention weights or
extract decision paths for transformers. Similarly,
graph neural networks which operate on structured
graph data like social networks or molecules demand
new XAl approaches that can clarify how relational
information drives predictions. By extending
explainability to these novel models, the Al community
can ensure that interpretation keeps pace with
innovation.

A final promising avenue is integrating human in the
loop validation into XAl workflows. Instead of relying
solely on automated explanations future systems will
invite feedback from domain experts such as doctors,
engineers or teachers to help refine and adjust even
correct the explanations provided. This loop of
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interaction not only increases trust and improves
accuracy but also makes explanations more relevant
to real world needs, addressing gaps that algorithms
might miss. Human in the loop XAI also supports
adaptive learning, where the system can modify its
explanations or even its prediction strategies as it
receives and processes expert suggestions.
The extensions and future directions of explainable Al
focus on blending methods for hybrid interpretability,
scaling to big or fast data, evolving alongside new types
of neural architectures, and involving people directly
in validating explanations. These steps will make XAI
more practical, robust and valuable across science,
industry and society.

Here are key recent papers and literature citations that

provide authoritative support across the themes

discussed in your thesis on explainable Al (XAI) for

Black Box neural networks:

1. Doshi Velez, F., & Kim, B. (2017). Towards A
Rigorous Science of Interpretable Machine
Learning. arXiv preprint arXiv:1702.08608.

2. A foundational paper that rigorously defines
interpretability and outlines evaluation
guidelines, widely cited for XAI research.

3. Lundberg, S. M., & Lee, S.-I. (2017). A Unified
Approach to Interpreting Model Predictions. In
Advances in Neural Information Processing
Systems (NeurIPS 2017):

. Introduces SHAP, a mathematically
grounded, model-agnostic  explanation
method with strong guarantees for fairness
and consistency.

4, Selvaraju, R. R., Cogswell, M., Das, A.,
Vedantam, R., Parikh, D., & Batra, D. (2017).
Grad CAM: Visual Explanations from Deep
Networks via Gradient-Based Localization. In
Proceedings of the IEEE International
Conference on Computer Vision (ICCV):

. Proposes Grad-CAM, a model-specific
explanation method providing class-
discriminative localization in CNNs.

5. 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 (KDD ’16):

. Introduces LIME, a widely adopted local
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surrogate explanation method applicable
across model types.

6. Adadi, A., & Berrada, M. (2018). Peeking
Inside the Black-Box: A Survey on Explainable
Artificial Intelligence (XAI). IEEE Access, 6:

. A comprehensive survey of XAl techniques,
challenges, and applications.

7. Ghorbani, B., Abid, A., & Zou, J. (2019).
Interpretation of Neural Networks is Fragile. In
Proceedings of the AAAI Conference on
Artificial Intelligence:

. Explores the stability and robustness issues
of interpretation methods in deep learning.

8. Montavon, G., Samek, W., & Miiller, K.-R.
(2018). Methods for Interpreting and
Understanding Deep Neural Networks. Digital
Signal Processing:

. Reviews gradient-based and perturbation-
based techniques for network
interpretability.

9. Arrieta, A. B., et al. (2020). Explainable
Artificial Intelligence (XAI): Concepts,
Taxonomies, Opportunities and Challenges
toward Responsible Al. Information Fusion:

. Presents an extensive taxonomy and
discussion on XAI developments and future
outlook.

10.  Lundberg, S. M., Erion, G., Chen, H., DeGrave,

A., Prutkin, J. M., Nair, B., & Lee, S.I. (2020).

From Local Explanations to Global

Understanding with Explainable Al for Trees.
Nature Machine Intelligence:

. Advances SHAP methodology for tree-

based models, extending local to global

explanations.

X. CONCLUSION

This thesis has explored and compared four major
explainable Al techniques LIME, SHAP, Grad CAM,
and Guided Backpropagation to understand how each
method can help make the decisions of Black Box
neural networks more transparent and trustworthy.
The main finding of this research is that no single
explainability method is sufficient on its own. Instead,
combining different XAl approaches provides a more
robust and actionable interpretation of model
behaviour. Model agnostic methods like LIME and
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SHAP offer broad applicability across diverse models
and deliver insights into feature importance at both
local and global levels, but they can be
computationally expensive and sometimes highlight
irrelevant features or background noise. Model
specific methods like Grad CAM and Guided
Backpropagation hold the internal architecture of
convolutional neural networks to provide spatially
localized and finely detailed visualizations, but they
are limited to specific model types and may lack
consistency across different architectures.

The comparative case study using ResNet50 on a
diverse species dataset demonstrated this trade off
clearly. LIME and SHAP were valuable for
understanding which features contributed to
predictions but occasionally included background
elements, suggesting potential biases in their
perturbation-based approach. Grad CAM excelled at
highlighting class specific regions such as facial
features or body parts, aligning well with human
intuition about classification. Guided
Backpropagation produced high-resolution maps
showing detailed textures and edges but lacked the
focused class specific insights of Grad CAM. These
findings confirm that combining complementary XAI
methods using model agnostic approaches for
comprehensive feature attribution and model specific
techniques for precise spatial localization creates a
fuller picture of how neural networks make decisions.
This research also acknowledges several limitations.
XAI methods can be computationally complex,
especially when scaling to large datasets or real time
applications, which may limit their practical
deployment. Many XAl techniques are model specific
and do not generalize well across different algorithmic
frameworks, reducing their versatility. Additionally,
explanations generated by XAl tools are not always
easy to understand for non-technical users and there
remains a risk of over reliance on explanations that
might be misleading or incomplete. The lack of
standardized evaluation metrics for assessing the
quality and reliability of explanations further
complicates efforts to compare methods and ensure
consistency across applications. Human biases in data
and algorithms can also persist even in explainable
models requiring ongoing vigilance and diverse,
interdisciplinary collaboration to address fairness
and transparency concerns.

The implications of this work are significant for the
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deployment of Al models in critical domains such as
healthcare, finance, autonomous systems and legal
decision making. In healthcare, for instance,
explainable AI can help doctors understand why a
model predicts a certain diagnosis or treatment,
increasing trust and enabling better patient care while
meeting strict regulatory requirements. In finance,
XAI supports transparent fraud detection and credit
decisions, ensuring compliance with fairness and
accountability regulations. For autonomous vehicles
and other safety critical applications, explainability is
essential for debugging models, verifying decisions,
and building public confidence. As regulatory
frameworks like the GDPR and the AT Act increasingly
demand transparency and accountability, the adoption
of XAI becomes not just beneficial but necessary for
responsible Al deployment.

In conclusion, this thesis demonstrates that
explainable Al is a powerful tool for addressing the
opacity of Black Box neural networks, but it requires
thoughtful application, hybrid methodologies, and
continuous improvement. By combining multiple
explanation techniques, addressing computational and
accessibility challenges, and integrating human
expertise into the validation process, we can create Al
systems that are not only accurate but also transparent,
fair, and trusted by the people who rely on them. The
future of Al depends on our ability to open these black
boxes and ensure that intelligent systems work
alongside humans in ways that are understandable,
accountable, and aligned with societal values.
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Turini, F., Giannotti, F., & Pedreschi, D. (2019). A
Survey of Methods for Explaining Black Box Models.
ACM Computing Surveys (CSUR):
. A detailed survey focusing specifically on
black-box model explanation techniques,
categorizing methods and discussing their
applicability to different model types and

domains.

11.4.  Model Architecture and Deep Learning:
11.4.1. He, K., Zhang, X., Ren, S., & Sun, J. (2016).
Deep Residual Learning for Image Recognition. In
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR:

. Introduces ResNet architecture with skip
connections, which is widely used in the
comparative case study presented in this
thesis for its robustness and effectiveness in
image classification tasks.

11.4.2. LeCun, Y., Bengio, Y., & Hinton, G. (2015).
Deep Learning. Nature, 521(7553):

. A landmark review article providing
essential background on deep neural
networks, convolutional neural networks,
and their applications, foundational
knowledge for understanding the models
that XAI methods seek to explain.

11.5.  Challenges, Limitations, and Robustness in
XALIL

11.5.1. Ghorbani, B., Abid, A., & Zou, J. (2019).

Interpretation of Neural Networks is Fragile. In

Proceedings of the AAAI Conference on Artificial

Intelligence:

. An important paper highlighting the
instability and fragility of explanation
methods, showing that small perturbations in
inputs can lead to dramatically different
explanations, raising important concerns
about the reliability of XAl techniques.
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11.5.2. Slack, D., Hilgard, A., Jia, E., Singh, A., &
Lakkaraju, H. (2020). Fooling LIME and SHAP:
Adversarial Attacks on Post hoc Explanation Methods
of Machine Learning Models. In Proceedings of the
ACM Conference on Fairness, Accountability, and
Transparency (FAccT):

. Demonstrates vulnerabilities in model-
agnostic explanation methods, showing how
adversaries can manipulate models to
produce misleading explanations, an
important consideration for practitioners.

11.6.  Applications in Critical Domains:
11.6.1. Caruana, R., Lou, Y., Gehrke, J., Koch, P.,
Sturm, M., & Elhadad, N. (2015). Intelligible Models
for HealthCare: Predicting Pneumonia Risk and
Hospital 30-day Readmission. In Proceedings of the
21st ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining (KDD):
. A landmark paper demonstrating the
application of interpretable models in
. healthcare, showing how explainability
contributes to clinical decision- making and
trust.

11.6.2. Lipton, Z. C. (2018). The Mythos of Model
Interpretability: In Machine Learning, the Concept of
Interpretability is Both Important and Slippery:

3 A thoughtful essay discussing the nuances
and challenges of interpretability in
machine learning, particularly relevant for
applications in high-stakes domains.

11.7.  Regulatory and Human Centered XAlI:
11.7.1. Lundberg, S. M., Erion, G., Chen, H.,
DeGrave, A., Prutkin, J. M., Nair, B., ... & Lee, S.-I.
(2020). From Local Explanations to Global
Understanding with Explainable Al for Trees. Nature
Machine Intelligence:
. Extends SHAP methodology and discusses
how local explanations can be aggregated
for global model understanding, addressing
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the need for comprehensive interpretability.

11.7.2. Selbst, A. D., & Barocas, S. (2018). The
Intuitive Appeal of Explainable Machines. Fordham
L. Rev., 87, 1085:

. Explores the philosophical and legal
dimensions of explainable Al, examining
regulatory requirements and the societal
expectations for Al transparency and
accountability.

11.8.  Hybrid and Advanced XAI Approaches:

11.8.1. Montavon, G., Bau, D., Huk, M,
Lapuschkin, S., Roh, D., Kindermans, P., & Samek,
W. (2019). DeepTaylor: Breaking Down Deep
Networks via Moment-Based Attribution. In

Workshop on Interpretability of Machine
Learning Predictive Models at KDD
2019.:

. Presents a framework for combining

multiple attribution methods to create more
comprehensive and robust explanations.

11.8.2. Das, A., Rad, P., Chowdhury, A., & Chang,
V. (2020). Opportunities and Challenges of
Explainable Artificial Intelligence (XAI):

. A contemporary  survey discussing
emerging challenges in XAI and
opportunities for advancing the field,
including human-in-the-loop approaches
and novel architectures.

11.9.  Comparative Studies and Benchmarking:
11.9.1. Devireddy, K. (2025). A Comparative Study
of Explainable Al Methods: Model-Agnostic  vs.
Model-Specific Approaches:

. The source document for the
comparative case study presented in this thesis
provides detailed experimental comparisons of LIME,
SHAP, Grad CAM, and Guided Backpropagation
on diverse image datasets.
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XII. APPENDIX
12.1 Supplementary Figures and Visualizations

SHAP E Grad-CAM

Local Interpretable Gradient-weighted Gradient-based
Model-Agnostic Class attention
Explanations Activation Mapping visualization

Figure 12.1.1.: XAI methods comparison grid for Samoyed dog images showing LIME, SHAP, Grad CAM, and
Guided Backpropagation visualizations

Guided Backpropagation

-, e
Figure 12.1.2., which presents a comprehensive comparison grid of XAl methods applied to American Robin bird
images.
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Model-Agnostic
Methods

Grad-CAM

Guided
Backpropagation

Figure 12.1.3., which presents a comparative heatmap grid of XAI methods applied to Ladybug insect images.

12.2 Additional Comparative Tables

Table 12.2.1.: Extended Comparison of XAl Methods Across Multiple Evaluation Dimensions

XAI Method LIME SHAP Grad CAM Guided Backpropagation
Latency Moderate High Fast Fast
Memory Low- Moderate High Low Low
Scalability Good Mod- Limited Good Good
Interpretability Good Excellent Good Expert Required
Hyperparameter Sensitivity High Low Moderate Moderate

Table 12.2.2.: Quantitative Performance Metrics from Experimental Evaluation

XAI Method Fidelity Stability Sparsity User Study Results
Score Score Metric
LIME Moderate Moderate Moderate Good comprehension, moderate
trust
SHAP Highest Highest Moderate Excellent comprehension,
to High high trust
Grad CAM High High High Most interpretable spatial
localization, high trust
Guided Moderate to Moderate Low Requires expert
Backpropagation High interpretation, variable trust
Hybrid Approaches Very High Very High Variable Most comprehensive understanding,
highest trust

12.3Code Resources and Implementation Links
12.3.1 LIME Implementation: The official LIME
repository is available at
https://github.com/marcotcr/lime, providing Python
implementations for image, tabular, and text data. The
repository includes well-documented tutorials and
examples demonstrating how to apply LIME to
various model types.
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12.3.2 SHAP Implementation: The SHAP library is
hosted at https://github.com/slundberg/shap and offers
comprehensive documentation, multiple backend
implementations (KernelSHAP, TreeSHAP,
DeepSHAP), and interactive visualization capabilities.
The library is production-ready and widely used in
industry applications.
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12.3.3 Grad-CAM and PyTorch Implementation:
PyTorch's torchvision library provides built-in support
for Grad-CAM through the torchvision.transforms
module, along with official tutorials. Additionally, the
GitHub repository
https://github.com/jacobgil/pytorch-grad-cam offers
specialized implementations with support for
various network architectures.

12.3.4 Guided Backpropagation: Implementations are
available in major deep learning frameworks.
TensorFlow's tf-explain library
(https://github.com/sicara/tf-explain) provides
accessible implementations, while PyTorch users can
reference the official PyTorch tutorials on gradient -
based visualization methods.

IJIRT 187984 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

399



