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Abstract- The application of Al in the healthcare
diagnostics has further developed the state of disease
detection, risk assessment of patients, and clinical
decision-making, yet the black-box nature of the vast
majority of machine learning (ML) models serves as a
major factor preventing such approaches to be used in
clinical practice. This project investigates the potential
benefit of explainable Al (XAI) on medical transparency
through optimising the trade-off between predictive
performance  and  interpretability. We  compare
convolutional neural networks (CNNs), CNNs augmented
with Gradient-weighted Class Activation Mapping (Grad-
CAM) and Random Forests with SHapley Additive
Explanations (SHAP) using the NIH ChestXray14 dataset.
The results indicate that CNNs have the highest accuracy
of 91 percent and AUC of 0.95, which however reflects less
on clinical trust and accountability due to lack of clear
interpretability. CNN + Grad-CAM models have
comparable (90%) accuracy with the closest alignment
with radiological reasoning in the visual explanation,
whereas Random Forest + SHAP models did not
necessarily perform any worse with a slightly lower
accuracy (90%) but have the highest level of
interpretability (fidelity = 0.89). These results highlight one
of the key tradeoffs between the raw predictive
performances and medical transparency: interpretability is
a necessary procedure and not a luxury.

Keywords: Explainable Al, Healthcare Diagnostics,
Machine Learning, Transparency, SHAP, Grad-CAM,
Interpretability

L. INTRODUCTION

Artificial intelligence (AI) has quickly moved beyond
an experimental product into a staple of current
healthcare provision. Its inclusion in clinical practice
has helped identify diseases earlier and more
accurately determine the risk of diseases, customize

now match, and in some cases exceed, human experts
in many different diagnostic tasks, as in the detection
of diabetic retinopathy in retinal fundus images, the
detection of pneumonia and cancer of the lung in chest
radiographs, prediction of cardiovascular outcomes in
electronic health records, and classification of
histopathological slides in oncology (Topol, 2019;
Esteva et al., 2017). These developments emphasise
how artificial intelligence can increase the efficiency
and precision of healthcare services, in addition to
easing the pressure of overloaded healthcare systems.

Even despite these encouraging trends, there is one
major barrier to the widespread use of Al in real-life
healthcare settings: the black-box problem. Because
most powerful ML models, especially deep neural
networks (such as CNNs) make very reliable
predictions, yet do not explain their outputs in any
way, it is sometimes said that they have no
interpretation. This is what has sounded alarm to the
key stakeholders in question:

e C(linical Trust: Physicians are held accountable for
diagnostic decisions, meaning they ought to be
justifiable in the eyes of the patient, the insurers,
hospital administrators, and legal authorities. If a
model is unable to justify its recommendation,
clinician  doubt is  likely to  arise.

e Regulatory Compliance: There is a growing
demand by policymakers and regulators for the
automated decision-making process to be
explainable. For example, under the European
Union's General Data Protection Regulation
(GDPR), there is a so-called "right to explanation”
with respect to decisions concerning algorithmic
processing, especially in high-stakes areas like

treatment plans and hasten biomedical research. healthcare, finance, and law.
Consider, as an example, that deep learning models
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e FEthical and Social Implications: The lack of
interpretability potentially increases the risk of the
proliferation of hidden biases in training datasets
that would otherwise lead to unfair or harmful
consequences, such as the misdiagnosis of
minority populations or the recommendation of
treatments with unjust criteria. Secondly, in the
absence of interpretability, harmful errors will
ensure their propagation, defeating patient safety.

These considerations bring out that raw predictive
accuracy is not enough to be used clinically.
Healthcare is a special business environment in which
accountability, fairness, and transparency are valued
on a par with technical effectiveness. There is
therefore a realization that explainability needs to be
incorporated in the design of medicine Al systems.

To resolve these issues, both researchers and
practitioners have been increasingly exploring the use
of Explainable Al (XAI) frameworks, methodologies,
and visualization techniques, which do not aim to
diminish predictive performance but rather to make
the models more transparent. SHAP (SHAPley
Additive Explanations), LIME (Local Interpretable
Model-Agnostic  Explanations), and Grad-CAM
(Gradient-weighted Class Activation Mapping) Als
are increasingly being used to offer humans
interpretable explanations of model output. As
opposed to performance driven Al, whose accuracy or
minimization of error are criticized, an edited version
known as XAl tries to make its decision critically
understandable to a human being by explaining why
the system reached an existing conclusion. Such
correspondence allows doctors to assess Al-produced
outcomes relative to clinical experience and increases
credibility and responsibility.

The central research question guiding this study is
therefore:

Can explainable Al frameworks provide
clinically  useful  transparency  while
maintaining competitive diagnostic
performance in ML-based healthcare systems?

This paper aims to contribute to the larger

conversation on trustworthy and responsible Al for
medicine by investigating this question. It attempts to

IRE 1710495

establish that interpretability does not simply serve as
just a technical add-on but is a prerequisite for the safe,
ethical, and sustainable use of Al within healthcare.

I1. LITERATURE REVIEW
2.1 Machine Learning in Healthcare Diagnostics

Machine learning (ML) has become a game-changing
power in medical diagnostics, especially within the
medical imaging area. CNNSs, a form of deep learning,
have proven to be extraordinary at understanding
convolutional data and generating patterns that human
experts can overlook. A CheXNet based solution
(Rajpurkar et al., 2017) was developed comprising a
121-layer CNN that identifies pneumonia in chest X-
rays with a superior accuracy to that of experienced
radiologists. In a related study, Esteva et al. (2017)
obtained dermatologist-level performances of CNNs
in detecting malignant skin lesions out of dermoscopic
images. The examples of these studies demonstrate
how ML can be used to both increase diagnostic
accuracy and expedite clinical workflows, lessen the
burden on health care professionals, and make
decisions more consistent.

Regardless of these developments, limited use of ML
in practice has been adopted in the clinical world. One
of the main issues of physicians is transparency of
these models. Al accuracy alone is not sufficient to
ensure acceptance in practice, where practitioners
need to be able to trust and understand Al-based
recommendations, explain them to patients colleagues
and to justify them to legal experts. The absence of
transparency toward the decision-making process is
one that poses significant concerns in relation to
medical liability, the needs of patients in regards to
communication, and ethical responsibility which
necessitate models that both perform and constitute
interpretability.

2.2 Black-Box Challenges

The high dimensional, non linear representations of
deep learning models and the complexity of features
amongst different layers have led to the black box
nature of deep learning models. These representations
allow the models to learn subtle patterns within large
volumes of data, but leave them in a form that human

ICONIC RESEARCH AND ENGINEERING JOURNALS 2102



© SEP 2025 | IRE Journals | Volume 9 Issue 3 | ISSN: 2456-8880

beings can find challenging to understand. As Rudin
(2019) alluded to, there is something ethically and
practically wrong with black-box models in high-
stakes areas of responsible care such as healthcare,
especially when there are explanatory alternatives
available.

Moreover, in addition to ethics issues, black-box
models are problematic with regard to regulations. The
need to explain how a method arrived at a decision in
automated processes (such as the GDPR findings), and
to justify and reproduce diagnostic results (requiring,
e.g., clinical audit) have led to the legal requirement to
explain. Besides, black-box Al may unknowingly pass
biases that exist in the training data, causing it to
misdiagnose or recommend unfair treatment to
patients, especially those with a low representation in
patient databases. The challenges further highlight the
need to come up with Al systems that consider
predictive  performance,
trustworthiness.

transparency, and

2.3 Explainable Al Techniques

Understanding the limitations of black-box models has
led to the development of Explainable Al (XAI)
methodologies, which strive to maintain model
accuracy while delivering
comprehensible to humans. The following are some of
the most notable:

explanations

e SHAP (SHapley Additive Explanations):SHAP
evaluates the components of a prediction with
respect to the contributions made by each of an
input’s features by using cooperative game theory
(Lundberg & Lee, 2017). This method effectively
deals with ensemble and tree models and therefore
is beneficial for clinical use, as it helps clinicians
understand which clinical variables influence the
predictions.

e LIME (Local Interpretable Model-Agnostic
Explanations): Through the use of explainer
models, LIME creates interpretable surrogate
models for specific predictions. This allows for the
analysis of individual model decisions in detail.
The facilitators are able to inspect the logic behind
every prediction, which enhances confidence and
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clarity.

e Grad-CAM (Gradient-weighted Class Activation
Mapping): Visual inspection is greatly aided by
Grad-CAM, which reveals spatial heatmaps that
indicate the significant parts of an image which
guided the MLP’s decision (Selvaraju et al., 2017).
This form of explanation is especially useful in
medical imaging because it relates the model’s
logic to the clinician’s logic by marking the areas
of concern in radiographs, histopathological slides,
and other diagnostic images.

These methods tackle different aspects of
interpretability: explaining numeric data with features
(SHAP, LIME) and providing visual explanations
(Grad-CAM). Together, they close the gap between
machine learning model accuracy and clinical clarity,
thus facilitating adoption when used with other
diagnostic methods.

2.4 Research Gap

Most of the previous research in these areas took
narrower scopes and conducted an in-depth-
explanation of only one model in the healthcare
setting. A limited number of studies compare multiple
model types with one another to contrast performance
characteristics (especially predictive performance)
and interpretability simultaneously. As an example,
some studies compare CNNs to Grad-CAM
visualizations and fail to show the comparison to
interpretable tree-based models with SHAP or LIME
explanations.

The absence of literature to fill out this gap depicts an
urgent necessity of empirical comparative research
that would quantify not only the diagnostic accuracy,
but also transparency, fidelity, and clinical usability.
The paper offers a solution to this necessity by
undertaking a comparative analysis of black-box
CNNs, XAl-augmented CNNs and interpretable tree-
based models. We expect to determine the Al methods
that can successfully balance diagnostic strength and
clinical acceptability and provide a basis on which Al
models can be deployed into clinical practice
responsibly.
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III. METHODOLOGY
3.1 Problem Formulation

The goal of this study is to address healthcare
diagnostics as a supervised classification task. In this
context, the outcome of interest is the attendance or
absence of a particular medical condition to the patient
data or medical imaging. Formally, let the input data
be denoted as X € R, where each data point has n
features or pixel values in the case of imaging data.
The machine learning model seeks to predict the
diagnosis y €{0,1} through a mapping function f with
parameters 0:

y* =1 (X;0)

The training of the model is done by minimizing the
loss function, which in this case is the standard cross-
entropy. The loss function measures the difference
between the predicted probabilities and the true labels
for all N samples:

L(0) = —1/N YNi=1 [yilogy”i + (1-yi)log(1-y"i)]

Interpretability is brought into play by defining an
explanation function E emerging from the model's
predictions by means of a specific XAl technique g:

E = g(f(X;0))

We can gauge the quality of an explanation over
fidelity—a measure of how well the explanation
approximates the true behavior of the model:

Fidelity(g) = I/N YNi=1 corr(g(f(Xi)),f(Xi))

Using this formalism, we can assess models
systematically, not just regarding their predictive
accuracy but also considering the trustworthiness and
practical value of the explanations they provide in a
clinical setting.

3.2 Dataset

In this research, we leveraged the NIH ChestX-ray14
dataset, which includes 112,120 frontal-view X-ray
images with labels for 14 thoracic conditions such as
pneumonia, atelectasis, and cardiomegaly. Pneumonia
identification was chosen as the benchmark task due
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to its medical significance and high undetected
mortality. To combat overfitting and improve
generalization, augmentations such as rotations,
flipping, and contrast adjustments were applied
alongside resizing and normalization to each image.
The dataset was split into training, validation, and test
sets to support stringent evaluation.

3.3 Models and Techniques

Three model configurations were employed to
evaluate the trade-off between predictability and
interpretability.

e Baseline (Black-Box CNN): A deep convolutional
neural network being used as a very accurate
reference model. This model emphasizes
performance but provides very little insight into
how it makes decisions.

o XAI-Augmented Model (CNN + Grad-CAM): The
initial CNN model is enhanced with Gradient-
weighted Class Activation Mapping (Grad-CAM)
to clarify the model’s decisions. Grad-CAM
produces heatmaps that highlight areas of the X-
ray image that were important for the model’s
prediction, helping to align the model's reasoning
with radiologists' rationale.

e Interpretable Model (Random Forest + SHAP): An
ensemble model based on decision trees, integrated
with SHapley Additive exPlanations (SHAP) for
feature-level attribution), is used in the prediction.
SHAP offers quantifiable interpretable
information by showing how much each input
feature contributes to the prediction at the
individual and cohort levels.

This multimodel framework enables evaluation of
predictive  accuracy in  comparison  with
interpretability in order to answer the key research
question that is the clinical value of XAl techniques.

3.4 Evaluation Metrics
To comprehensively assess model performance, we

used a combination of predictive and interpretability
metrics:
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e Predictive Performance: For evaluating the quality
of classification, the quantities accuracy, precision,
recall, F1, and AUC-ROC were -calculated.

e Interpretability:

o Fidelity: Measures how well the explanation
approximates the model’s behavior.

o Sparsity: Evaluates the minimal set of features
needed to explain a prediction.

o Clinical  Usefulness: Two  board-certified
radiologists rated the interpretability and clinical
relevance of the explanations, confirming that the
explanations were in harmony with actual
decision-making.

This approach integrates numerical performance
indicators alongside clinical qualitative assessments,
guaranteeing that the healthcare model’s selection
process takes into account predictive accuracy and
interpretability, both of which are indispensable for
the model’s safe use in healthcare.

IV.  RESULTS

The experimental evaluation compared three model
configurations—CNN (black-box), CNN + Grad-
CAM, and Random Forest + SHAP—across
predictive performance, interpretability, and clinical
usefulness. Table 1 summarizes the quantitative
outcomes:

Rando | 0.87 0.90 0.89 High
m
Forest +
SHAP

Model | Accura | AUC Fidelity | Clinical

cy Usefuln
ess
CNN 0.91 0.95 - Low
(black-
box)

CNN +10.90 0.94 0.83 Modera
Grad- te
CAM
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4.1 Predictive Performance

The CNN (black-box) model exhibited the best overall
accuracy (91%) and AUC (0.95), which proves that
this model is effective because it can utilize intricate
spatial patterns in chest X-rays. This indicates that
deep convolutional networks are capable of telling the
subtle radiographic signs of pneumonia, e.g., lung
opacity or consolidation. Nonetheless, along with such
high performance, the model does not explain its
decision-making process, which remains a classic
trade-off of deep learning-based healthcare
diagnostics, i.e., an accurate but difficult-to-interpret
model.

CNN + Grad-CAM model had almost similar
predictive performance, with an accuracy of 90% and
AUC of 0.94. Even though this is slightly less than the
black-box CNN, the minor loss is compensated by the
capability to generate visual heatmaps. The Grad-
CAM addresses the problem of which areas of the
chest X-rays that are contributing the most to the
accuracy of the output of the model. In addition,
radiologists viewing these heatmaps reported that they
are consistent with what they would expect in
clinically relevant lung lesions, thus showing that the
reasoning of the model is both reasonable and
clinically validatable.

The Random Forest + SHAP model registered a
similar, but slightly weaker predictive performance
[accuracy: 87%, AUC: 0.90] and fidelity (0.89) and
interpretability. The feature attributions found by HAP
feature attributions included medically relevant
predictors of a patient like lung opacity, or age of the
patient and prior radiographic findings. Such
explanations enabled clinicians to relate specific
prediction outcomes with particular input features so
that they are confident of what the model considered
in its decision-making process.
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4.2 Interpretability and Clinical Usefulness

Qualitative  interpretability =~ assessments  were
performed by both the radiologists who are board-
certified. The black-box CNN received the lowest
score for clinical usefulness because it didn't have any
explanatory mechanism. The clinical value of the
CNN + Grad-CAM model, on the other hand, was
adequate because it enabled the validation of the
predictions from the image regions, although it was
limited. The highest clinical usefulness was provided
by the Random Forest + SHAP model since it offered
clear explanations at the feature level, which was
consistent with known medical facts and facilitated
clinical decisions.

4.3 Observations and Trade-offs

These results highlight the fundamental trade-off in
Al-assisted diagnostics: models that maximize raw
predictive performance lack interpretability, while
highly interpretable models may sacrifice some degree
of accuracy. Notably, this study shows that XAl
techniques (such as CNN + Grad-CAM) used with
high-performing models demonstrate that accuracy
and transparency can be balanced. Models can be
reliable and clinically explainable at the same time.
This validates the use of XAl-augmented methods,
where trust and performance are essential, in
healthcare environments that involve critical
decisions.

V. DISCUSSION

The findings of the present study illustrate the
question-mark-like relationship between performance
and interpretability of Al-based healthcare
diagnostics. Although black-box CNNs exhibit a
slightly better predictive accuracy and AUC than
interpretable models, their instability motivates the use
of interpretable models better adapted to real-life
clinical use. To support clinicians to make the correct
and responsible choices, clinicians also need to
understand how the model arrived at predictions. In its
absence, even quite precise models can be treated as
controversial by medical professionals and regulators.

In comparison, however, explicit explanations
provided by XAl-enhanced models, such as CNN +
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Grad-CAM and Random Forest + SHAP, are much
more satisfactory in clinical acceptability and
applicability. Grad-CAM  visualizations allow
radiologists to confirm the validity of the model
predictions in regions of pathology, and SHAP
feature-level explains why the clinical variables
contributed to each prediction. The explanations are
used to aid regulatory compliance, such as the
European Union GDPR requirement of the right to
explanation and FDA guidance regarding software as
a medical device. The minor loss in predictive
accuracy (<5%) tends to be offset by the increased
interpretability, resulting in such models being more
suitable to high-stakes clinical contexts.

The study also emphasizes that accuracy is not the sole
parameter of making a model suited to the healthcare
sector. Sufficient Al models must always be made
transparent:

e FEthical Responsibility: Ensuring there is
accountability during critical medical decisions,
mitigating the danger of implicit biases, and
lowering the chance of a misdiagnosis or an
unsuitable treatment.

e Regulatory Alignment: To remain consistent with
global standards requiring interpretable Al in
healthcare, a corresponding conviction might be
the achievement of model audit capability and a
justification for Al certification.

e Patient-Centered Care: Enabling physicians to
bridge the gap between advanced AI medical
conclusions and patient understanding, thereby
promoting patient confidence and rational health-
related choices.

Taken together, these results imply that utilizing
explainable Al techniques embodies a feasible
compromise, allowing for a minor dip in pure accuracy
for the sake of interpretability and clinical utility.
Future implementations of Al in healthcare ought to
encapsulate transparency as a fundamental design
principle instead of a feature, guaranteeing that their
predictive models are effective, credible, ethically
sound, and designed with the patient in mind.
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VI. CHALLENGES AND LIMITATIONS

While the results are indeed promising, this study also
illustrates the limitations and challenges of applying
XAI and machine learning to healthcare diagnostics.
In this context, it is even more important to address
these issues to guarantee that the technology is safe,
ethical, and effective in clinic deployment.

6.1 Data Quality

The quality and dependability of medical imaging data
sets pose significant hurdles. The publicly available X-
ray datasets such as the NIH ChestX-ray14 are known
to have labels that are inconsistent and noisy because
of errors made by human annotators and the ambiguity
of radiographic findings. Likewise, these datasets are
known to lack certain age groups, ethnicities, and
comorbidities. This limitation is known to create
biases when training models that hamper the accuracy
of diagnosis in populations that are less represented.
These problems also hinder the generalizability of the
findings. As such, dataset quality needs to be
improved by providing accurate and less ambiguous
annotations, including data of patients that are more
diverse, and collecting data from multiple institutions.

6.2 Generalizability

Besides that, the generalizability of models is a major
limitation. Because of differences in imaging
equipment, acquisition protocols, and patient
demographics, models developed from data at a single
institution or population are likely to underperform in
other clinical settings. For instance, a convolutional
neural network developed from adult chest x-rays
might not function well in pediatric cases. To validate
that models perform well across different contexts,
multi-institutional training data, domain shift
methods, and ongoing real-world model assessments
are necessary.

6.3 Limitations of XAl Techniques

Even with explanatory methods such as SHAP and
Grad-CAM, there are fundamental issues that need to
be accounted for. The visual explanations linked to
gradients from CAM may be sufficient but are still an
approximation and have the likelihood of missing out
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on details of the reasoning behind the model’s
decisions. For instance, SHAP explanations provide
summary-level attributions that, although useful,
cannot always provide for feature interactions or
causal relationships that are complex in nature. In the
end, the explanations produced by the methods of XAI
are not to be trusted to be fully accurate and provide a
risk of taking these methods for granted, especially
when the decisions being made are clinical and life-
critical.

6.4 Clinical Workflow Integration

There are more challenges in integrating Al and XAI
tools in real-world clinical practice. Physicians need
actionable and interpretable explanations in real time
without encouraging an extra cognitive load as well as
a disturbance to their workflow pattern. Unreasonably
mixed or slow explanations can decrease the usability
and clinician adoption. Successful integration requires
the convergence of Al designers, radiologists, and
expertise in human factors in order to guarantee that
explanatory outputs are brief, understandable and
integrated in an uniform manner as part of the routine
processes of diagnosis.

To deploy Al responsibly in healthcare, it will be
necessary to address these challenges to find a balance
between predictive performance, explainability, and
useful application to the practice. The current efforts
have to be directed toward the development of data
quality improvement, model generalization, XAI
approaches, and clinician-friendly interfaces to ensure
that the Al-assisted diagnostics is safe and
trustworthy.

VII. FUTURE WORK

This study shows how explainable AI (XAI) can
improve transparency and trust in healthcare
diagnostics, but there are a number of options to
further research and development to advance the field.

7.1 Development of Domain-Specific XAI Methods

Explainable Al tools like Grad-CAM and SHAP,
while useful in many contexts, do not fully address the
specific needs of medical imaging. Research should
therefore be directed towards developing XAI tools
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tailored to different imaging tools: X-ray, CT, MRI,
and ultrasound. Such tools would make use of clinical
ontologies and anatomical priors to produce clinically
meaningful explanations that would align with expert
reasoning.

7.2 Integration of Multimodal Data

A healthcare analysis almost never depends on only
one source of data. For the deeper and more
specialized research, the combination of medical
imaging, electronic health records, laboratory testing,
and clinical documentation should be examined. The
use of various types of data based on the streams could
increase  the prediction accuracy and the
interpretability of the Al models in general. With the
use of various types of data and their streams, the
explanation of the model can be done using
multimodal XAI approaches, which can show the
clinicians the impact each of the data types has to the
model. This can greatly enhance the diagnosis done
and allow it to be diagnostic advanced to great context.

7.3 Exploration of Causal Interpretability

Most of the new Explainable Al (XAI) techniques
provide correlation-based explanations, which show
how features are related to predictions without
indicating why they are related. In the future, attention
should be paid to causal interpretability frameworks in
medical Al that help models identify causal
determinants of the disease as opposed to merely
predictive features. Clinical decision-making, risk
stratification, treatment planning, and decision support
could benefit from the integration of causal reasoning,
alongside a reduction in the risk of spurious or harmful
explanations.

7.4 Patient-Centered Explanations

Clear Al transparency must assist both clinicians and
their patients, facilitating balanced decision-making
and trust in Al-guided care. It is important that future
research  focuses on creating patient-centric
explanations that all non-expert patients can easily
understand. Such explanations may *effectively™ use
visuals, easy-to-understand summaries, and even
interactive devices to *effectively* explain diagnoses,
risk evaluations, and treatment suggestions. With the
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help of patient-centric XAI, there can be
improvements in shared decision-making, following
medical instructions, and trust in Al-based healthcare
systems.

7.5 Additional Considerations
Other directions for future research include:

e Providing users with real-time Al tools that blend
accurately into clinical processes without adding
cognitive-weighting.

e The generalizability of social media posts is
expected to translate across a myriad of cultural
and societal contexts.

e (Conducting research on hybrid models that
effectively balance accuracy and interpretability,
for example, integrating deep learning with
algorithms that are interpretable by design.

By tackling these research questions, future studies
can develop Al solutions that are not only accurate but
trustworthy, interpretable, and aligned with the needs
of both clinicians and patients, enabling wider use in
high-stakes healthcare settings.

VIII. CONCLUSION

Artificial intelligence (AI) has been shown to have
life-changing powers in healthcare diagnostics,
providing the ability to detect diseases earlier, risk
stratification, and tailor treatment plans as never
before. Nevertheless, predictive accuracy is not all that
is necessary to safely and efficiently use Al in clinical
practice as this study points out. Although the ability
of high-performance black-box models to have
exceptional diagnostic performance is undisputed,
these models do not satisfy the levels of transparency
needed to instill clinical confidence, ethical
responsibility and compliance with regulatory
requirements.

Through the findings of this study, explainable Al
(XAI) methods (i.e., Grad-CAM to provide visual
explanations and SHAP to provide feature-level
attribution) have been found to enable significant
gains in the interpretability of machine learning
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models. Critically, the performance of these methods
is only slightly reduced when combined (<5%)
reflecting the idea that it is possible to find a balance
between accuracy and transparency in high-stakes
medical settings. Al has been proven beneficial in
terms of assisting physicians both in the process of
validating and contextualization of model predictions,
and it also correlates with ethical imperatives, patient-
centered care and regulatory provisions which include
GDPR and FDA regulations.

The researchers of this study make the point that
transparency ought to be a fundamental design
consideration and not a choice feature in Al-based
health care systems. Al models whose results can be
explained in a way that clinicians can support the
diagnostic conclusions reached are a way of allowing
clinicians to feel confident that their implementation
of Al is acceptable to that patient and the population
they work with. Moreover, XAl helps make informed
decisions, and complies with regulations and the more
general purpose of ethical and responsible innovation
in healthcare.

In summary, the explainable Al is the key to increasing
the medical transparency needed to deploy Al in
responsibly.  When
interpretability into the machine learning pipeline,
researchers and clinicians optimally can use the full
potential of Al and ensure its safety, clinical efficacy
and trust, creating the base of Al-driven medicine that
is not only technically competent, but ethically sound.

healthcare incorporating
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