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Abstract—Medical Artificial Intelligence (AI) systems hold great
potential for clinical and diagnostic applications. However, their
deployment raises significant privacy and ethical concerns, primar-
ily due to the reliance on large-scale datasets containing sensitive
health information. The processes of collecting, storing, and us-
ing patient data bring forth widespread concerns about privacy
protection and data ownership. Additionally, the dynamic nature
of medical data presents risks related to outdated or inaccurate
information, which can directly impact patient care. Introducing
the concept of ‘“unlearning” in medical Al is therefore crucial,
not only to address patient privacy needs but also to ensure that
models remain adaptable to evolving medical knowledge and data
quality. Nevertheless, implementing unlearning in medical Al is
considerably more complex compared to other domains, as errors
in this context could lead to severe consequences for patient health.
This paper aims to establish an evaluation framework specifically
for unlearning in classification tasks on the Mobile Brazilian Reti-
nal Dataset (nBRSET) in medical AIL. The framework addresses
key issues such as privacy, clinical safety, diagnostic accuracy, and
fairness. By providing a detailed foundation for assessing unlearn-
ing practices, the framework is tailored to the unique challenges
presented by the mBRSET dataset. Ultimately, this work seeks to
identify the trade-offs and requirements necessary to implement
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responsible unlearning processes in this highly sensitive domain,
thereby contributing to the safe and ethical advancement of medical
AL

Index  Terms—Machine medical artificial

intelligence.

unlearning,

1. INTRODUCTION

ITH the continuous advancement of deep learning tech-
W nology, research in medical Artificial Intelligence (AI)
has become increasingly sophisticated [1], [2], [3]. Medical
Al has the potential to improve healthcare quality and en-
hance patient-centered care by providing more accurate diag-
noses, optimizing workflows, and simplifying administrative
tasks [4]. Studies indicate that using large and diverse datasets
for model training can significantly enhance the accuracy and
generalizability of these models, making them more effective
in various clinical settings [5], [6]. For instance, incorporat-
ing patient data from multiple hospitals and geographic lo-
cations improves model performance across diverse regions,
and datasets that include a wide range of disease characteris-
tics help the models better handle rare or uncommon condi-
tions. Moreover, including diverse populations, such as different
races, genders, and age groups, helps to reduce prediction bias
and improve fairness, ensuring equitable high-quality diagno-
sis and treatment for all patients. However, the use of such
large-scale datasets also raises significant ethical and regulatory
concerns.

In medical Al, data privacy and informed consent are critical
ethical considerations [7], [8]. Patients must provide informed
consent for the use of their data and retain the right to withdraw
that consent at any time. Additionally, data bias can lead to
implicit biases within models that negatively impact specific
groups, resulting in unfair diagnoses and treatment, thus raising
serious ethical concerns about discrimination [9]. Moreover, Al
models are vulnerable to data extraction attacks, where attackers
mightinfer original training data by accessing the model, thereby
compromising patient privacy. From a legal standpoint, the Gen-
eral Data Protection Regulation (GDPR) [10] in the European
Union and the Health Insurance Portability and Accountability
Act (HIPAA) [11] in the United States set clear guidelines on
the collection and processing of medical data, ensuring privacy
and safeguarding user control over personal information. These
ethical and legal challenges, coupled with the risk of data ex-
traction attacks, highlight the importance of equipping medical
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Fig. 1. Machine unlearning in medical Al scenario. The medical Al target
model is trained on the Healthcare dataset. Patients, as data owners, reserve the
right to request the removal of their data from the model by the model deployer.
This request can be fulfilled using machine unlearning methods.

Al models with the ability to “forget” specific data. However,
removing data from a model is inherently challenging, as ma-
chine learning models deeply integrate and abstract information
during training, making it difficult to completely eliminate the
influence of specific data once it has been learned.

To address this issue, researchers have introduced the concept
of machine unlearning [12], [13], [14]. Broadly defined, machine
unlearning refers to the process of removing specific data from
a model so that its behavior resembles that of a model that has
never been exposed to this data. The goal is to ensure that the
deleted data no longer influences the model’s predictions and be-
havior, thereby protecting data privacy and ensuring control over
data while mitigating biases. Bourtoule et al. [13] were the first
to propose a set of criteria for evaluating unlearning schemes,
which include unlearning effectiveness, post-unlearning perfor-
mance comparison, and training time efficiency, establishing a
foundational framework for assessing the efficacy of unlearning.

In medical Al, the demand for unlearning is far greater
than in general applications. Models used in general machine
learning applications, such as text classification or recommen-
dation systems, typically do not need to meet the high levels
of precision, interpretability, or regulatory compliance required
in medical systems. Fig. 1 illustrates the machine unlearning
scenario in medical Al. Due to the high sensitivity of medical
data, any operational error can directly impact patient health
and safety [15]. Therefore, when implementing unlearning in
medical Al, it is crucial to ensure that clinical accuracy is
not adversely affected. Additionally, the medical model must
avoid introducing new biases while eliminating the influence of
specific data, ensuring fairness across all patient groups. This
implies that unlearning in medical Al must strictly adhere to
privacy protection standards and undergo rigorous validation
to ensure that diagnostic capability and fairness remain con-
sistent after unlearning. These higher demands make machine
unlearning in the medical field significantly more complex and
critical compared to other application areas. However, machine
unlearning in medical Al is still in its early stages, and existing
methods are primarily evaluated based on general standards
for effectiveness and reliability. To address these challenges,

we propose an evaluation framework specifically designed for
medical Al models, focusing on the classification task on the
Mobile Brazilian Retinal Dataset (mBRSET) [16], addressing
their unique requirements and evaluating unlearning in terms
of effectiveness, efficiency, potential risks, and clinical perfor-
mance of the model after unlearning. This comprehensive evalu-
ation aims to provide a solid theoretical and practical foundation
for the safe and compliant development of medical Al.

In summary, we make the following major contributions to
this paper:

® We conduct a systematic review of existing machine un-

learning methods and identify the specific goals for ma-
chine unlearning in medical diabetic retinopathy classifi-
cation, proposing a universal framework.

® We develop standardized evaluation metrics for machine

unlearning in medical diabetic retinopathy classification,
which measure unlearning effectiveness, classification ac-
curacy, and unlearning efficiency.

® We benchmark the most representative methods within

each category of machine unlearning using the proposed
evaluation metrics, validating the significance of evaluation
metrics and providing insights into the strengths, weak-
nesses, and unlearning mechanisms.

The rest of this paper is organized as follows. The pre-
liminaries of machine unlearning are presented in Section II.
Section Il introduces five unlearning methods and an unlearning
performance evaluation benchmark. The unique challenges and
objectives for unlearning in medical Al are shown in Section I'V.
The proposed framework for medical Al unlearning is in Sec-
tion V, and the experiment results are in Section VI. Section VII
discusses the limitations of our current framework and outlines
directions for future work. Finally, Section VIII summarizes and
concludes this paper.

II. PRELIMINARIES: MACHINE UNLEARNING

Machine unlearning refers to effective algorithms designed
for machine learning models to forget specific target data [17].
To forget specific data points, the model needs to effectively
remove the influence of the data, aiming to erase the charac-
teristics derived from the data. Given the increasing empha-
sis on data privacy from both legal and ethical perspectives,
many researchers are actively exploring machine unlearning.
Generally, unlearning is categorized into two types: exact un-
learning and approximate unlearning [12]. Exact unlearning
guarantees that the model’s behavior is identical to a model that
was never trained on the unlearned data, effectively removing
all traces of its influence. In contrast, approximate unlearn-
ing aims to remove the impact of data to a practical extent,
achieving similar behavior as if the data were not used, but
without the computational burden and precision required for
exactunlearning, often striking a balance between efficiency and
effectiveness.

e Exact Unlearning [18], [19]: Let f be the training algo-

rithm, D the full dataset, Dy C D the data to be unlearned,
and D, = D\ Dy. An unlearning procedure outputs pa-

rameters 0’ such that ¢’ < f (D,), i.e., the post-unlearning
model is distributionally indistinguishable from training
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from scratch on D,.. A trivial way to satisfy this is to
actually retrain on D,., which is computationally expen-
sive; efficient exact unlearning without full retraining is
generally hard except in special cases.

® Approximate Unlearning [20], [21]: Given model param-

eters ¢ and the sub-dataset D to be unlearned, approxi-
mate unlearning involves finding a new set of parameters
6 such that the behavior of the model is similar to ¢’
obtained by retraining without D, but with significantly
less computational cost. The goal here can be described as
minimizing the distance || f(D,.) — 0|, where || - || is an
appropriate norm (e.g., Euclidean distance). This ensures
that the influence of D is minimized, without needing full
retraining.

Approximate unlearning aims to simulate the effect of retrain-
ing without requiring full access to the original training process.
Common strategies, such as influence function—based parameter
adjustments or model perturbations, are employed to reduce
the influence of the unlearned data while preserving predictive
performance. Compared to exact unlearning, these methods of-
fer a practical trade-off among computational efficiency, model
utility, and unlearning effectiveness, making them particularly
suitable for real-world machine learning systems, especially in
medical applications where model updates must be both efficient
and reliable.

III. UNLEARNING METHODS AND UNLEARNING
PERFORMANCE EVALUATION BENCHMARK

With the growing emphasis on data privacy, research in ma-
chine unlearning has increasingly gained widespread attention.
In this section, we introduce five widely recognized machine un-
learning methods and provide a detailed analysis using existing
evaluation criteria.

A. SISA Training Framework for Unlearning

The SISA (Sharded, Isolated, Sliced, and Aggregated) train-
ing framework [13] is an approach designed to facilitate efficient
unlearning in machine learning models by minimizing the com-
putational cost associated with removing dataset D.

The original training dataset D is divided into S disjoint
shards:

D =] D, ©)

where Dy N Dy = () for s # &', and s, s’ € S. Each shard D, is
further divided into K slices:

K
Dy = | Da, )
k=1

where D, N Dy =0 for k # k', and k, k" € K. For each
shard s, a model Mj is initialized and trained sequentially on its
slices:

M) = f(MFY Dyy), k=12,... K, (3

where Mgk) represents the model state after training on slice
Dy 1. To unlearn a data point x; € Dy = {(z;, ;) }/_,, identify

the shard s and slice k£ containing z;. Retraining starts from

the saved state M{gkfl), excluding x; from D; ;, and continues
sequentially through subsequent slices:

MY Ak A, 4)

This process effectively removes the influence of x; without
requiring full retraining on the entire dataset.

The final model M is obtained by aggregating all shard
models { M, }5_,. Aggregation can be performed using methods
such as majority voting or averaging, depending on the specific
application.

This structured approach ensures that unlearning a specific
data point requires retraining only a fraction of the model,
significantly enhancing efficiency compared to retraining the
entire model from scratch. The SISA framework is particularly
beneficial for large-scale models and datasets, where full retrain-
ing would be computationally prohibitive.

B. Deltagrad: Rapid Retraining of Machine Learning Models

The DeltaGrad algorithm, as proposed by Wu et al. [22], aims
to efficiently implement unlearning by leveraging the cached
information from the initial training phase. This method is
particularly effective for scenarios where small changes, such
as the addition or deletion of a small subset of data, occur in the
training dataset. The core idea of DeltaGrad is to approximate
the updated model parameters after modifying the training data
without retraining from scratch. This is achieved by utilizing the
gradients and the Hessian matrix information computed during
the original training process.

Let 6 represent the model parameters trained on the original
dataset D. When a small subset of data A D is added or removed,
DeltaGrad estimates the updated parameters 6 as follows:

0 ~0— H 'VyL(AD;0), 3)

where H denotes the Hessian matrix of the loss function L with
respect to 6, representing the second-order partial derivatives
and providing information about the curvature of the loss func-
tion. Vo L(AD:; 0) represents the gradient of the loss function
evaluated on the subset AD, which is the data to be either
added or removed. In practice, H is used as an approximate
curvature preconditioner obtained from the original training, and
the above Newton-style update serves as a warm start that can
be followed by a few corrective gradient steps (the sign and
scale depend on whether data are added or removed). By using
this approximation, DeltaGrad enables the rapid retraining of
machine learning models, effectively allowing for unlearning
without the high computational cost associated with full retrain-
ing. This approach is particularly advantageous in cases where
data privacy concerns require the efficient removal of specific
data points from the training dataset.

C. Eternal Sunshine of the Spotless Net: Selective Forgetting
in Deep Networks

Golatkar et al. [23] propose a method to selectively remove
information about specific training data from a deep neural
network without retraining from scratch. This is achieved by
modifying the network’s weights to eliminate traces of the data
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that need to be unlearned. The core idea is to apply a scrubbing
function S(w) to the network’s weights w, such that any probing
function of the weights becomes indistinguishable from the same
function applied to the weights of a network trained without
the data being unlearned. This ensures that the influence of the
unlearned data is effectively removed.

Mathematically, let w represent the weights of a network
trained on the dataset D, and Dy be the subset of data to be
unlearned. The goal is to find a scrubbing function S(w) such
that the distribution of the scrubbed weights S(w) given the
dataset D is indistinguishable from the distribution of weights
w' trained on the dataset D \ Dy:

P(S(w) | D) = P(w' | D\ Dy) ()

To achieve this, the authors introduce an upper bound on the
amount of information retained in the weights about the data to
be unlearned. This bound can be estimated efficiently, even for
deep neural networks, and is used to guide the scrubbing process.
The approach leverages the stability properties of stochastic
gradient descent (SGD) to ensure that the scrubbing effectively
removes information about the unlearned data while preserving
the model’s performance on the remaining data. By employing
these techniques, the method seeks to strike a balance between
effective unlearning and preserving the model’s overall gener-
alization capability.

D. Certified Data Removal From Machine Learning Models

Guo et al. [21] propose a mechanism for certified removal of
data from machine learning models, ensuring that the model’s
behavior becomes indistinguishable from one that was never
trained on the removed data. The core idea is to define a certified
removal mechanism M that, when applied to a model A trained
on dataset D, produces a new model 2’ such that, for any subset
T of the hypothesis space H, the following holds:

P(M(h,D,z;) € T)

S PADN\(mpen) = @

where A denotes the learning algorithm; z; is the data point to
be removed; ¢ is a small positive constant that bounds the di-
vergence between the original and updated models. For brevity,
we present the guarantee in e-form, but the original mechanism
is (€, 0)-style and assumes a randomized training algorithm
for certification. This inequality ensures that the probability
distributions of the models before and after data removal are
close, thereby providing a strong guarantee of effective data
removal. To achieve this, the authors develop a certified removal
mechanism for Ls-regularized linear models trained using dif-
ferentiable convex loss functions. The mechanism involves: 1)
Applying a Newton step to the model parameters to remove the
influence of the data point x;. 2) Adding a random perturbation
to mask any residual effects, thereby ensuring that the model’s
behavior aligns with one that was never trained on x;.
The Newton step is defined mathematically as:

0 =0 — H 'VyL(zs;0), (8)

where 6 are the current model parameters; H is the Hessian
matrix of the loss function L with respect to 6, providing
information about the curvature; Vg L(x;; ) is the gradient of
the loss function evaluated at the data point x;. By leveraging this
certified removal mechanism, the resulting model’s parameters
0’ effectively remove the influence of x;, thus aligning with
the intended guarantee of unlearning while retaining model
performance on the remaining data. In deep settings, practical
implementations rely on curvature approximations.

E. Machine Unlearning of Features and Labels

Warnecke et al. [24] introduce a novel framework for remov-
ing sensitive features and labels from machine learning models,
aiming for provable guarantees in convex settings, without the
need to retrain from scratch. The core of their method lies in
leveraging influence functions to retroactively modify the model
parameters such that the effects of specific features or labels are
removed.

The following inequality is used to describe the behavior of
the updated model 6':

e < PUWO,D,Z—2Z)eT) <o ©)

P(A(D")eT) ’

where A is the original learning algorithm, D represents the orig-
inal dataset, Z denotes the features or labels to be removed, Z’
is the modified dataset with the sensitive information removed,
and € is a small constant that bounds the divergence between
the distributions of the retrained model and the updated model.
These bounds hold under strongly convex losses. This certified
guarantee ensures that the model’s behavior after unlearning
is statistically close to that of a model that never included the
sensitive data.

The unlearning mechanism involves two key update strate-
gies:

First-Order Update: The first-order update uses the gradient
of the loss function to modify the model parameters, thereby
removing the influence of specific features or labels. This update
strategy is computationally efficient and is defined as follows:

A(0) = =7 (VoL(z0) — VoL(Z';6)), (10)

zeZ

where 7 is the unlearning rate, Vy L(z; 0) represents the gradient
of the loss function with respect to the model parameters 6, and
z and 2’ are the original and modified data points, respectively.
This approach is particularly useful when an approximate cor-
rection suffices, and it is suited for high-dimensional models
where computational efficiency is crucial.

Second-Order Update: The second-order update incorporates
the Hessian matrix of the loss function, providing a more precise
parameter adjustment that accounts for the curvature of the loss
surface. The update is expressed as:

A(0) = —H™ > (VoL(z0) — VoL(2;0)),

zeZ

(1)

where H is the Hessian matrix of the loss function L with respect
to the parameters 6. The use of the Hessian allows for a more
nuanced update that closely matches the effects of retraining
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without the sensitive data. For models with strongly convex loss
functions, this second-order approach not only achieves effective
unlearning but also provides a certified bound on the difference
between the updated model and a model retrained from scratch.

By introducing closed-form updates for model parameters
using influence functions, Warnecke et al. provide a scalable
solution to the problem of data removal in machine learning.
Their approach allows for the efficient correction of specific
features and labels.

F. Unlearning Performance Evaluation Benchmark

Bourtoule et al. [13] first proposed a foundational framework
for evaluating machine unlearning strategies, establishing six
key goals that provide a comprehensive basis for assessing
unlearning approaches. These six goals are designed to evaluate
the unlearning scheme from three main aspects: effectiveness of
unlearning, maintenance of model performance, and efficiency
of the unlearning process. The specific goals are as follows:

o [Intelligibility (G1): The strategy should be easy to under-
stand and implement, ensuring that even non-experts can
verify the unlearning process.

® Comparable Accuracy (G2): The model’s accuracy after
unlearning should be comparable to that of the baseline
retraining strategy. Specifically, the model’s performance
should not degrade significantly, even when a large number
of data points are unlearned.

® Reduced Unlearning Time (G3): The strategy should have
a provably lower unlearning time compared to retraining
the model from scratch, thus significantly reducing the
required time for unlearning.

® Provable Guarantees (G4): The strategy should provide
provable guarantees that the influence of unlearned data
has been effectively removed, similar to the behavior of a
model that has never seen the unlearned data.

® Model Agnostic (G5): The strategy should be model-
agnostic, meaning that it should be applicable to a wide
variety of models with different types and levels of com-
plexity.

e Limited Overhead (G6): The strategy should minimize ad-
ditional computational overhead, avoiding any significant
increase in the already computationally intensive training
procedures.

These goals collectively provide a robust framework for eval-
uating unlearning strategies in general situations, ensuring that
they are effective, efficient, and applicable in diverse scenarios
while maintaining model accuracy and providing necessary
guarantees of data removal. Although this evaluation frame-
work has been proposed, most of the existing work does not
strictly adhere to each individual goal when demonstrating the
effectiveness of unlearning methods. However, these studies still
primarily evaluate the proposed approaches based on the three
main aspects of the framework: the effectiveness of unlearning,
the maintenance of model performance, and the efficiency of
the unlearning process. Table I provides a comparison of the six
unlearning methods discussed earlier, based on the aforemen-
tioned framework. The result shows that the Retrain method

TABLE I
EVALUATION OF FOUR MACHINE UNLEARNING METHODS BASED ON
FRAMEWORK OF [13]. v'= CRITERION SATISFIED; | = DEGRADED.

| GI G2 G3 G4 G5 G6

Retrain | v il v 1 v
SISA | v v v v vV

DeltaGrad | v/ il v v v v
FIM | v | v v v/

CDR | v il v v v v

| v v v vV

has limitations on the training time and computational resource
costs, and the other methods, except for SISA, would have a bad
influence on the model performance after unlearning.

IV. MEDICAL AIl: UNIQUE CHALLENGES AND OBJECTIVES FOR
UNLEARNING

The medical field presents unique and stringent requirements
for unlearning compared to other domains, primarily due to the
sensitive nature of medical data and the complex relationships
between stakeholders [25], [26]. These challenges arise from
several aspects:

e Feature-Specific Data Deletion: In medical applications,
there is often a need to delete specific features or attributes
related to patient data, such as particular diagnoses or sen-
sitive patient characteristics. This feature-level unlearning
is more challenging because it requires removing only
specific information without affecting the overall model
performance. For example, deleting all data related to a
certain medical condition must be done without introduc-
ing biases or disproportionately impacting model accuracy
for other conditions.

® Risk of Bias Introduction: In medical Al, removing certain
subsets of data (e.g., specific demographics or conditions)
can lead to unintended biases in the model, compromising
the fairness of the system [27]. This is particularly critical
in healthcare, where bias can directly affect patient out-
comes [28]. Thus, unlearning methods must be carefully
designed to ensure that deleting data does not negatively
impact the equity and reliability of the model.

e Compliance with Regulatory Standards: Medical Al sys-
tems must adhere to various regulatory standards that
emphasize data privacy and security. Unlearning meth-
ods must not only be effective but also transparent and
compliant with these regulations. This requires provable
guarantees that the requested data has been successfully
removed, without leaving any residual influence on the
model.

® High Stakes of Clinical Accuracy: In medical settings, any
reduction in model accuracy due to unlearning can have
severe consequences for patient care. Therefore, medical
Al requires unlearning methods that maintain a high level
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Fig.2. Navigating Unlearning in Medical A focus on four special goals, considering the practical tasks and sensitivity of data in medical scenarios. (1) A specific

patient group requests the removal of their data from the target model to protect their privacy. (2) A hospital requests data to be unlearned from the target model
as a unit to withdraw. (3) Remove sensitive features of medical data that have already been used to train the target model. (4) Consider the changes in the target

model before and after unlearning from the perspective of model fairness.

of clinical accuracy, even after the deletion of specific
data. Unlike in general applications, where minor accuracy
trade-offs might be acceptable, medical Al models must
ensure that their performance remains reliable to prevent
misdiagnosis or suboptimal treatment recommendations.
These unique challenges highlight the importance of devel-
oping unlearning methods tailored to the healthcare domain,
ensuring that data deletion processes are not only effective but
also compliant, equitable, and capable of maintaining the high
standards of clinical accuracy required for patient care.

V. PROPOSED FRAMEWORK FOR MEDICAL Al UNLEARNING

To address the unique challenges in medical Al, we propose
a tailored unlearning evaluation framework that extends general
unlearning principles to meet specific requirements of the med-
ical field. As shown in Fig. 2, our proposed framework builds
on the general goals of unlearning, adapting, and expanding
them to accommodate the sensitive and high-stakes nature of
healthcare. The framework encompasses a combination of gen-
eral unlearning objectives and specific goals designed to cater
to medical Al, ensuring compliance with stringent data privacy
regulations, enhancing fairness, and maintaining high clinical
accuracy.

A. Specific Goals of Unlearning in Medical Al

Medical Al unlearning must cater to certain unique require-
ments arising from the complexity and sensitivity of healthcare

data. We identify the following specific medical goals (MGs)
tailored to the medical domain:

e Patient Group Data Removal Effectiveness (MG1): The
unlearning framework must support the removal of specific
patient groups, such as patients from a particular age group,
ethnicity, gender, or those with a specific health condition.
This type of data removal is essential for respecting privacy
requests and complying with ethical standards when indi-
viduals or entire groups refuse to provide data usage rights.
Additionally, it helps mitigate biases that arise from the
over-representation of certain groups, promoting fairness
and balance across different populations.

® Hospital Unit Data Removal Effectiveness (MG2): The
ability to remove data from a specific hospital or health-
care provider is crucial, particularly in scenarios where
a participating hospital withdraws consent or changes its
data-sharing policy. By removing data at the unit level, our
framework ensures that biases or specific practices unique
to a given institution do not disproportionately influence
the model’s predictions. This is particularly important for
maintaining the model’s generalizability across different
healthcare environments without being overly influenced
by localized factors.

e Medical Sensitive Feature Removal Effectiveness (MG3):
The framework must also facilitate the removal of specific,
sensitive features that may not be directly relevant to the
model’s predictive task but pose privacy risks or ethical
concerns. Examples include biological age, socioeconomic
status, or genetic information. Removing such features
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supports the principle of data minimization, ensuring that
only necessary information is used for decision-making.
This is vital for preventing biased decisions based on irrel-
evant factors and maintaining fairness and transparency in
medical Al systems.

® Bias-Free Unlearning for Medical Fairness (MG4): The

unlearning process must ensure that removing certain
groups or sensitive features does not create or increase
bias in the model. It is crucial that unlearning does not
negatively impact the representation or quality of care
for specific patient demographics. Bias-free unlearning
ensures that the model maintains or even improves fairness
metrics, such as demographic parity or equal opportu-
nity, thus promoting equitable healthcare outcomes for all
groups, regardless of the modifications.

The proposed framework aims to address the general chal-
lenges of unlearning while also meeting the specific needs of
the medical domain, ensuring that data removal processes are
effective, ethical, and compliant with privacy regulations. By
integrating both general and domain-specific goals, we provide
a comprehensive approach to unlearning that is well-suited for
the high-stakes and sensitive environment of healthcare.

B. Specific Unlearning Metrics for Medical Al

To evaluate the effectiveness of unlearning in medical Al, it
is crucial to use appropriate metrics that capture the technical
performance and the clinical relevance, fairness, and robustness
of the model after unlearning. In this subsection, we introduce
a set of specific metrics that are particularly applicable for
assessing unlearning in the medical domain:

o Sensitivity and Specificity: After unlearning, it is essential
to maintain high sensitivity and specificity to ensure that
the model continues to identify conditions without over-
predicting or under-predicting outcomes correctly. These
metrics help verify that the unlearning process does not
degrade the model’s diagnostic accuracy. Sensitivity and
specificity are critical metrics for evaluating a model’s
predictive performance, particularly in medical contexts
where both false negatives and false positives carry signif-
icant consequences [29], i.e.,

TP

Sensitivity = ——— 12

ensitivity TP+ EN’ (12)
TN

Specificity = ——— 13

pecificity = - —. (13)

where T'P is true positives, F'N is false negatives, T'N is
true negatives, and F'P is false positives.

® Fl-score: Fl-score, the harmonic mean of precision and
recall, is a balanced metric that evaluates the model’s
performance, particularly in imbalanced data scenarios,

ie.,
Precisi Recall
Fl-score — 2 x —oostOl X RECAT 4
Precision + Recall
Precisi TP (15)
recision = —————
TP+ FP’

TP
TP+ FN’
® Membership Inference Attack (MIA): MIA is a technique

used to determine whether a specific data point was part
of the model’s training set [30]. This method analyzes
the model’s behavior, such as its output logits, confidence
levels, or loss values, on the target data to define whether
it is in the training dataset, i.e.,

TP, attack T TN, attack
Total Samples

Recall (Sensitivity) = (16)

MIA Accuracy = , (17)
where T Py is correctly identified training samples as
part of the training set, TNy cx 1S correctly identified
samples not part of the training set, and Total Samples is the
total number of samples in the attack set. As demonstrated
in this work [31], the optimal defense against this type of
MIA corresponds to a 50% attack accuracy, meaning the
attacker’s performance is no better than random guessing
in determining whether a given example was part of the
training set. In medical Al, this approach is particularly
important for assessing whether sensitive patient data has
been effectively “unlearned”, thereby providing essential
validation for privacy compliance.

e Fairness Metrics: Unlearning processes must not introduce
or amplify biases against specific patient groups. After
unlearning, it is critical to use these metrics to confirm that
the quality of predictions remains equitable for all patient
demographics, thus supporting the goal of fair and unbi-
ased healthcare outcomes. We will use Statistical Parity
Difference (SPD) [32] to measure fairness by evaluating
whether the model’s predictions are equally distributed
across demographic groups, i.e.,

SPD = |P(Y = 1|Group A) — P(Y = 1|Group B)‘ ,

(18)
where P(Y = 1|Group A) is a proportion of positive pre-
dictions for Group A and P(Y = 1|Group B) is a propor-
tion of positive predictions for Group B. A lower SPD in-
dicates that the model treats different demographic groups
more equally, reducing the likelihood of biased predictions.
Additionally, we provide Disparate Impact (DI) as a sup-
plementary metric to offer a ratio-based perspective on
fairness:

DI — P()A/ = 1|Group A). (19)
P(Y = 1|Group B)

DI is particularly useful for understanding whether a group
is underrepresented in positive outcomes. A DI value closer
to 1 indicates more balanced treatment across groups. DI
provides additional context and supports a more compre-
hensive assessment of fairness.

These metrics are used to evaluate whether the unlearning
process in medical Al maintains model performance, clinical
relevance, privacy guarantees, and fairness while effectively
removing specified data. By employing this evaluation, we can
comprehensively assess the impact of unlearning and provide
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confidence in the reliability and safety of medical Al systems
after machine unlearning.

VI. EXPERIMENTAL RESULTS

This section presents the experimental evaluation of existing
unlearning methods to determine whether their positive per-
formance under general unlearning evaluation frameworks can
translate effectively to the medical Al context. Our primary
objective is to assess whether these methods meet the unique
goals and requirements of unlearning in healthcare, as defined
by our proposed framework.

A. Experimental Setup

The experimental setup includes details on the datasets, mod-
els, and unlearning techniques. Specifically:

Datasets: The experiments are conducted using the mBRSET
dataset [16], which contains extensive medical information,
clinical data, and demographic metadata. Due to its diversity
and comprehensiveness, this dataset is well-suited to address
several goals outlined in our Medical Al Unlearning Evaluation
Framework. To systematically evaluate the unlearning methods,
we designed four types of unlearning datasets, each correspond-
ing to one of the four MGs. For each dataset type, six groups of
data were selected, and the experimental results presented in the
following sections represent the averaged performance across
these groups.

® Patient Group Data Removal: The demographic metadata,

including age, gender, and ethnicity, provides a basis for
evaluating the removal of specific patient groups. This
allows us to investigate how unlearning affects the model
when certain patient demographics are excluded. We sam-
pled three categories of unlearning datasets (UDs) from
the training set to assess the performance of unlearning ap-
proaches when unlearning patient information from differ-
ent subgroups. These categories included a female patient
subgroup (positive: negative = 3:7), a subgroup of patients
aged 20-30 years (positive: negative = 1:9), and a subgroup
of patients with unhealthy habits (positive: negative = 9:1).
For each category, we sampled six subsets following the
specified distributions, with each subset containing 256
samples. A negative indicates that the sample is free of
disease, while a positive indicates that there are four levels
of disease. To simply represent the distribution of data we
divide it into two types negative and positive.

® Hospital Unit Data Removal: The dataset does not in-

herently include attributes indicating data ownership by
specific healthcare facilities or hospital units. However, we
assume a data distribution across different hospital units
and partition the dataset accordingly to simulate data from
distinct hospitals. This approach allows us to evaluate how
removing a particular unit’s data influences the model’s
generalizability and fairness, especially in scenarios where
a healthcare provider may revoke data usage permissions.
® Medical Sensitive Feature Removal: The dataset includes
sensitive medical and demographic information, such as

health histories and blood pressure readings. These features
are ideal for evaluating the impact of removing sensitive
data.

® Bias-Free Unlearning for Medical Fairness: The availabil-

ity of comprehensive demographic information enables
the evaluation of bias introduction or mitigation during
unlearning. Removing data from specific groups (e.g., par-
ticular genders) allows us to monitor fairness metrics and
ensure the model does not introduce or exacerbate biases
during the unlearning process.

The mBRSET dataset total included 5164 samples. We
used 80% as the training dataset and 20% as the test dataset,
which could also be called the unseen dataset. Except for
each UD, the rest of the training dataset is denoted by the
remaining dataset.

Models: In our experiments, we combine ResNet with addi-
tional fully connected layers to effectively utilize the diverse data
available in the mBRSET dataset. Given its strong performance
in image classification tasks, ResNet was used to extract features
from retinal fundus images. In addition, we used fully connected
layers to process clinical and demographic metadata, such as
age, gender, and medical history. The extracted features from
both the image data and structured data were then fused to form
a comprehensive representation for diagnosis. This approach
allowed us to leverage both visual and non-visual data to im-
prove diagnostic accuracy, providing a more holistic assessment
suitable for medical Al applications.

Unlearning Techniques: We evaluate five widely used un-
learning methods that have demonstrated effectiveness in gen-
eral machine learning contexts and represent diverse algorith-
mic paradigms identified in recent unlearning survey [12]:
SISA [13], DeltaGrad [22], Selective Forgetting in Deep Net-
works: Eternal Sunshine of the Spotless Net (FIM) [23], Certi-
fied Data Removal from Machine Learning Models (CDR) [21],
Machine Unlearning of Features and Labels (FU) [24]. This
selection reflects key methodological dimensions, includ-
ing exact and approximate unlearning, parameter-level and
representation-level approaches. They provide a representative
foundation for evaluating unlearning performance in medical Al
systems.

B. MG Performance

In this experiment, we selected three representative patient
subgroups for unlearning: female patients, patients aged 20-30,
and patients with reported bad habits (such as smoking or
alcohol use). These subgroups are chosen to reflect clinically
relevant demographic and lifestyle characteristics that often
correlate with differential health outcomes and prediction pat-
terns in medical models. Table II highlights the F1-score and
MIA success probability changes for five unlearning methods
after unlearning 256 samples from the female patient subgroup
(positive: negative = 3:7) in the model. Among these methods,
retraining demonstrates superior unlearning performance with
a significant reduction in the unlearning dataset’s F1-score with
no performance degradation in the remaining dataset and only a
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TABLE II
PERFORMANCE OF FIVE MACHINE UNLEARNING METHODS AFTER
UNLEARNING THE FEMALE PATIENT SUBGROUP (POSITIVE: NEGATIVE = 3:7).
1 = IMPROVED; | = DEGRADED.

Unlearning Remaining Test MIA

Dataset Dataset Dataset
Retrain ‘ 1 14% 1 0.0% 11.9% 125%
SISA | J 11% 1 22% 12.5% 124%
FIM | |35% 126% 128% 112%
DeltaGrad | 1} 63% 1 58% 160% 15.8%
CDR ‘ 1 43% 1 39% 140% 115%

minor impact on the test dataset. Most notably, retraining reduces
the MIA success rate by 25%, bringing it down to approxi-
mately 50%. This indicates that after retraining, distinguishing
training from non-training samples in the unlearning subset
becomes close to chance, thus achieving the desired privacy
preservation. In comparison, the SISA method exhibits slightly
weaker unlearning performance but introduces slightly more
degradation in the remaining dataset and the test dataset. This
trade-off arises from SISA’s design, which involves splintering
and re-aggregating data during the unlearning process. While
this mechanism mimics retraining and preserves the model’s
structure, it inherently limits the method’s ability to fully capture
the global data distribution, leading to marginally reduced adapt-
ability to the overall dataset. Despite these limitations, SISA
achieves a comparable reduction in the MIA success rate (24%),
demonstrating strong privacy-preserving capabilities, close to
the performance of retraining.

Conversely, FIM achieves moderate unlearning performance
with a reduction of 35% on the unlearning dataset. However, it
sacrifices substantial performance in the remaining dataset and
the test dataset. Furthermore, FIM only reduces the MIA success
rate by 12%, leaving it at 61%, which is far from the expectation
of 50%. This indicates that FIM’s unlearning approach leaves
residual traces of the unlearned data, compromising its privacy
guarantees. Similarly, CDR achieves better performance in un-
learning effectiveness. However, it reduces the MIA success
rate by 15%, leaving it at 59.18%, far from the optimal 50%
achieved by Retrain and SISA. This reflects CDR’s limited
ability to ensure privacy from unlearning target datasets. From
the perspective of the elevated MIA success rate, it appears in-
consistent with the proportion of performance decline observed
for FIM and CDR on the unlearning dataset. This discrepancy
arises because FIM and CDR, during the unlearning process,
adversely impact the overall model performance, resulting in a
broader degradation across the model’s capabilities.

DeltaGrad shows severe degradation on the unlearning sub-
set, seemingly indicating aggressive unlearning. However, this
comes at the cost of significant degradation in the remaining
dataset and the test dataset, severely undermining the overall
model utility. Additionally, its reduction in MIA is marginal
and can even reverse (higher MIA). In fact, DeltaGrad increases
MIA by 5.8% (to 73.48%). The reason is that under large,

distribution-shifting deletions, the local approximation used by
DeltaGrad becomes inaccurate; outdated curvature precondi-
tioning amplifies errors, pushing the decision boundary in the
wrong direction, which explains the severe utility drop and even
higher MIA we observe.

Importantly, most unlearning methods rely on assumptions
that make analysis tractable, e.g., small deletion ratios or specific
training pipelines. In medical settings, multimodal feature en-
tanglement, subgroup heterogeneity, and severe class imbalance
amplify deletion-induced distribution shift. Under these condi-
tions, local approximation or shard-based strategies struggle to
jointly satisfy forgetting effectiveness, global utility, fairness,
and privacy. Thus, the core challenge is the mismatch between
medical data properties and the methods’ original operating
regime.

From the results shown in Fig. 3, the variation in the propor-
tion of positive samples in the unlearning dataset significantly
impacts the model’s Sensitivity and Specificity, following a
consistent pattern. When the unlearning dataset contains a high
proportion of positive samples (e.g., Fig. 3(c), positive: negative
= 9:1), the effect on Sensitivity is particularly pronounced.
This is because positive samples are already underrepresented
in the training dataset, and removing a large number of pos-
itive samples further decreases their weight in the training
set, severely impairing the model’s ability to detect positive
cases. This phenomenon is especially evident in the DeltaGrad,
FIM, and CDR methods, where Sensitivity declines sharply,
indicating that these methods struggle to maintain the model’s
positive-class recognition capability when a high proportion of
positive samples are unlearned. In particular, DeltaGrad suffers
from a drastic sensitivity drop in Setting 3 (Fig. 3(c)). This can be
attributed to its reliance on cached gradient and Hessian informa-
tion computed on the original training distribution. When a large
portion of positive samples is removed, this second-order infor-
mation becomes outdated and misaligned with the updated data
distribution. The resulting parameter update may inadvertently
distort the decision boundary, disproportionately affecting the
already underrepresented positive class, and leading to a spike in
false negatives. In contrast, Retrain recomputes gradients based
on the remaining data, which allows it to adaptively recalibrate
the decision boundary and preserve high sensitivity.

Conversely, when the unlearning dataset contains a low pro-
portion of positive samples (e.g., Fig. 3(b) and Fig. 3(a)), the
impact on Sensitivity is much smaller. This is because negative
samples are dominant in the training dataset, and the sheer
magnitude of negative samples ensures that removing a subset
of them has a diluted effect on the overall model performance.
This effect is particularly pronounced in SISA and Retrain.
SISA splintering and re-aggregation mechanism only updates
the shards containing the target data, leaving the other shards
unaffected. Consequently, the removal of negative samples pri-
marily results in local adjustments, with minimal impact on
the model’s global ability to classify negative cases, thereby
maintaining high Specificity. In other words, the dominance
of negative samples in the training dataset acts as a buffer,
mitigating the impact of unlearning on the model’s performance.
For Retrain, due to a large number of negative samples in the
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(a) Female subgroup

Fig. 3.

TABLE IIT
MIA SUCCESS PROBABILITY AFTER UNLEARNING HOSPITAL UNIT DATA WITH
DIFFERENT UNLEARNING METHODS. THIS TABLE COMPARES MIA SUCCESS
RATES (%) ACROSS METHODS, WHERE VALUES CLOSER TO 50% INDICATE
STRONGER UNLEARNING PERFORMANCE.

128 256 512
samples samples samples
Original | 69.13% 69.75% 69.89%
Retrain | 51.12%  5251%  52.78%
SISA | 51.25% 52.59% 52.83%
FIM | 60.38% 61.08% 61.53%
DeltaGrad | 73.19% 73.45% 73.87%
CDR | 58.95% 59.15% 59.58%

training dataset, only 10% of the negative samples were deleted,
which would not have too much impact on the prediction of the
model.

This dominance of negative samples serves as a “stabilizing
factor” during the unlearning process, particularly when the
unlearning mechanism causes limited disruption to the global
data distribution. This explains why SISA exhibits minimal
performance degradation when unlearning datasets are dom-
inated by negative samples, while datasets with a high pro-
portion of positive samples cause much greater disruption to
the model’s performance. This analysis further underscores the
complexity of achieving effective unlearning in medical con-
texts. As illustrated in Fig. 3, the groups requiring unlearning
exhibit highly diverse distributions, which demand unlearning
methods to adapt to various requirements effectively. Balancing
unlearning effectiveness with maintaining model performance
is a critical challenge, necessitating unlearning approaches with
greater flexibility and robustness to address the unique demands
of medical applications.

C. MG2 Performance

From Table III, the MIA success probability illustrates the
effectiveness of each method in unlearning hospital unit data
at varying scales (128, 256, and 512 samples). Retrain and
SISA methods demonstrate comparable MIA success rates as the

Unlearning Method

(b) Age 20-30 subgroup

Unlearning Method

(c) Bad habits subgroup

Performance of different unlearning methods after unlearning different groups of people.

number of unlearning samples increases, maintaining great per-
formance on unlearning. The FIM and CDR methods, however,
show increasing MIA probabilities as the deletion size grows,
reflecting difficulties in achieving thorough unlearning due to
the partial parameter adjustment nature of these methods. The
DeltaGrad method demonstrates relatively high MIA values,
which increase slightly as the number of unlearning samples
grows. This increases because DeltaGrad’s overly aggressive
unlearning performance introduces significant distortions in the
model, causing the unlearned samples to deviate from the orig-
inal data distribution. Consequently, DeltaGrad not only fails to
effectively erase the influence of the unlearned data but also am-
plifies the risk of membership information leakage, undermining
both privacy preservation and overall model robustness.

The performance of different unlearning methods after un-
learning hospital unit data is illustrated in Figs. 4 and 5. These
experiments simulate variations in data contributions from dif-
ferent hospital units by deleting 128, 256, and 512 samples,
respectively. The data distribution of each hospital unit is as-
sumed to be consistent with the overall training dataset (with
a positive-to-negative sample ratio of 3:7). The experiments
simulate varying contributions from hospital units to analyze
the adaptability and limitations of different unlearning methods
in handling datasets of different sizes.

From the unlearning dataset performance in Figs. 4 and 5,
it is evident that increasing the number of deleted samples sig-
nificantly impacts the unlearning effectiveness of each method.
The Fl-score of the SISA method on the unlearning dataset
exhibits a gradual recovery trend. Particularly, when 128 and
256 samples are deleted, SISA adapts relatively quickly to the
new data distribution through shard retraining, showing a faster
recovery and eventually reaching an F1 score close to the initial
level. However, when the number of deleted samples increases to
512, the recovery slows considerably, and the initial performance
is not fully restored. This indicates that SISA demonstrates
strong global adaptability in small-scale data deletion tasks but
faces limitations in large-scale deletion scenarios, where the
shard aggregation mechanism struggles to compensate for global
feature loss. Additionally, the shard mechanism may exacerbate
distributional imbalances between shards in large-scale dele-
tions, further limiting the model’s adaptability.

Retrain requires significantly more epochs to achieve conver-
gence, making it impractical to include alongside other methods
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the remaining data, thereby undermining the model’s overall

The DeltaGrad method exhibits the most aggressive unlearn-
ing performance, with its Fl-score on the unlearning dataset
rapidly declining in each deletion task. This reflects the method’s
strong capability for removing target data through gradient
adjustment. However, this aggressive unlearning comes at the
cost of substantial instability, particularly when 256 and 512
samples are deleted, as its F1-score continues to decline, nearing
a collapsed state. This phenomenon indicates that DeltaGrad
lacks convergence in large-scale deletion tasks, with its exces-

Fig. 4. Performance of different unlearning methods after unlearning different hospital unit data.
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Fig. 5. Fl-score on test dataset after unlearning different hospital unit data.

in the same plot. Retrain involves removing the target unlearning
data from the training dataset and retraining the model until
it converges. SISA, on the other hand, achieves unlearning
by removing the target data from its corresponding slices and
aggregating the remaining slices. As a result, the performance
on the unlearning dataset is similar to that on the test dataset.
Similarly, in Retrain, since the proportion of removed data rela-
tive to the total dataset is not particularly large, the overall model
performance does not degrade significantly. The predictions on
the unlearning dataset remain comparable to those on the test
dataset. However, as the volume of unlearning data increases, the
reduction in the overall training dataset size leads to a moderate
decline in model performance. This indicates that while both
methods maintain consistency between the unlearning and test
datasets, the scaling of unlearning tasks impacts the general
performance of the models.

In contrast, as shown in Fig. 4, FIM exhibits limited forgetting
on the unlearning subsets, and its performance deteriorates as the
deletion size increases. Even with 128 deleted samples, residual
influence remains. This is consistent with the method’s local pa-
rameter regularization: Fisher-based approximations estimated
on the pre-deletion distribution become inaccurate once sub-
group removal induces a distribution shift. In high-dimensional,
multimodal settings, approximation and estimation errors are
amplified and scale with the deletion size (e.g., 512 samples),
yielding weaker target suppression. Consistent with Fig. 5, FIM
also struggles to preserve global utility, with marked test-set
F1 drops for larger deletions. Together, these results indicate
that, in our setting, FIM’s local adjustments fail to track the
new optimum and inadvertently perturb parameters supporting

sive interference with global model parameters not only erasing
target data but also disrupting the model’s adaptability to the re-
maining training data. Fig. 5 further corroborates this: DeltaGrad
consistently achieves the lowest Fl-score on the test dataset,
highlighting its failure to preserve global model performance.

The CDR method’s performance on the unlearning dataset
falls between that of SISA and FIM. Its F1-score demonstrates
a relatively stable downward trend, with acceptable unlearning
effectiveness in the deletion of 128 samples. However, as the
deletion scale increases, model performance degrades more
severely. A plausible cause in deep, non-convex settings is that
practical CDR implementations rely on curvature approxima-
tions, e.g., approximate Hessians, and often apply removals in
batches; as the number of deletions increases, approximation
errors compound and destabilize the updates, leading to no-
ticeable F1 degradation. From the test dataset performance in
Fig. 5, the CDR method shows slightly better global perfor-
mance maintenance than FIM, but its F1-score also declines
significantly with the increase in deleted samples, suggesting
that its parameter optimization strategy remains limited in its
applicability to large-scale tasks.

D. MG3 Performance

We conducted experiments using two unlearning methods,
Retrain and FU, to evaluate the impact of removing specific fea-
tures on the performance of the trained model. It is worth noting
that other unlearning methods, including SISA, FIM, CDR, and
DeltaGrad, are excluded from this analysis as they are primarily
designed for sample-level unlearning. These methods operate
on entire data points and lack mechanisms to remove individual
input features. Adapting them for feature-level unlearning would
require significant algorithmic changes, which are beyond the
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Fig. 6. Fl-score on test dataset after unlearning different features. The sys-
temic hypertension is denoted by SH.

scope of this study. Therefore, we focus on Retrain and FU,
which naturally support manipulation at the feature level and
are suitable for this evaluation. Consequently, their compara-
tive performance in the context of feature unlearning was not
evaluated in this subsection.

The dataset originally contained 21 features, from which
we selected five features for this unlearning evaluation. These
include three features, namely “Insulin”, “Obesity”, and “Sys-
temic Hypertension” (SH), which were predicted to have a
significant impact on the model’s decision-making, and two
features, “Age” and “Insurance”, which were expected to have a
relatively smaller influence on the model’s predictions. Specifi-
cally, “Insulin” indicates whether the sample involves insulin
use; “Obesity” reflects whether the sample self-reports obe-
sity; “Systemic Hypertension” denotes whether the sample self-
reports a hypertension condition; “Age” represents the sample’s
age, and “Insurance” captures the sample’s self-reported insur-
ance status. The goal is to compare the effect of unlearning these
features on the model’s overall performance. The experimental
results are shown in Fig. 6.

The results of the Retrain method meet our expectations. The
unlearning of the features, “Age” and “Insurance”, had minimal
effects on the model’s F1-score. The relatively higher robustness
of Retrain when unlearning less critical features highlights its
capability to maintain the model’s global performance while
targeting specific attributes. In contrast, the removal of key
predictive features of the model, such as “Insulin”, “Obesity”,
and “Systemic Hypertension”, led to a noticeable decrease in
the model’s performance. This demonstrates that the Retrain
method effectively isolates the influence of specific features.

In comparison, the FU method exhibited a much larger perfor-
mance degradation across all feature removal tasks, irrespective
of the feature’s predicted importance. This outcome can be
attributed to FU’s reliance on the influence function to update
model parameters. Given the interdependency among features in
complex datasets, removing even a single feature may inadver-
tently affect parameters associated with other related features.
As a result, the FU method struggles to maintain the model’s
overall performance after feature removal.

E. MG4 Performance

Table IV shows the impact of five different machine unlearn-
ing methods on the SPD and DI of the model after removing

TABLE IV
SPD AND DI OF S1Xx MACHINE UNLEARNING METHODS AFTER UNLEARNING
THE FEMALE PATIENT SUBGROUP. “ORIGINAL” INDICATES THE FAIRNESS
METRICS BEFORE UNLEARNING.

| Original Retrain ~ FIM CDR  DeltaGrad SISA
SPD | 0.0413 0.1136  0.0754 0.0782  0.0819  0.0914
DI ’ 1.08 1.23 1.15 1.16 1.16 1.18

a subgroup of female patients. The dataset removed contained
512 samples with a positive-to-negative ratio of 3:7. SPD is used
to measure the bias between different groups within the model,
here is the female group and male group, with values closer to 0
indicating greater fairness across groups. DI offers a ratio-based
view, where values closer to 1 suggest balanced treatment across
groups.

After the removal of the female patient subgroup, the SPD for
the fully retrained model increased to 0.1136, and the DI rose
to 1.23, both showing increased gender disparity compared to
the original model. The primary reason for this increase is that
the removal of a large-scale female subgroup with a relatively
high positive sample ratio caused a shift in the distribution of
the training data, thereby increasing the bias between gender
groups.

In contrast, the FIM and CDR methods exhibited better
performance than full retraining in terms of both SPD and
DI. These methods partially adjust the model parameters to
weaken the influence of the target data, but they do not eliminate
the impact of the removed data. Instead, they apply gradual
modifications to the model. However, these gradual adjustments
not only weaken the influence of the unlearned data but also
affect the performance of the remaining data in the model. It
subsequently reduces the model’s overall performance. This
indicates that FIM and CDR did not achieve complete unlearning
but rather weakened the target data’s influence, allowing the
model to retain part of the memory of the original features. As
a result, these methods achieved relatively lower SPD values
and DI values closer to 1. The SPD and DI values for SISA fell
between full retraining and FIM/CDR. SISA employs a slicing
and aggregation strategy, where data is partitioned and trained on
separate sub-models, followed by aggregation to achieve partial
data unlearning. When retraining the sub-models containing
the unlearned data, biases similar to those introduced by full
retraining are incorporated. However, because only a subset of
the models is retrained while the remaining sub-models remain
unaffected, SISA is able to retain some of the original features.
Consequently, the SPD and DI for SISA are higher than those
of FIM and CDR but remain lower than those of full retraining.

In summary, after removing a specific female patient sub-
group, the SPD and DI values of all methods increased compared
to the original model, indicating an increase in the model’s
bias between gender groups. Full retraining is the most direct
approach, but also results in the largest increase in bias, as it
completely loses the ability to learn from the removed data.
FIM and CDR mitigate the impact of unlearning on model
performance by preserving some features, leading to smaller
increases in SPD and more balanced DI values; however, this
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TABLE V
PERFORMANCE OF S1X MACHINE UNLEARNING METHODS BASED ON MEDICAL
AT UNLEARNING EVALUATION FRAMEWORK. v'= CRITERION SATISFIED; | =
DEGRADED; - = NOT APPLICABLE.

| MG1 MG2 MG3 MG4
Retrain ‘ v v v 1

SISA |

FIM

v v 1
DeltaGrad‘ 1 1 - 1
e !
COR | | | !
FU | - R 1 _

comes at the cost of incomplete unlearning. SISA, on the other
hand, strikes a balance between retaining model performance
and achieving complete unlearning. Although its fairness met-
rics still deteriorated, it outperformed full retraining in terms of
bias control.In sum, practical unlearning must preserve utility
and fairness while remaining stealthy: post-unlearning fairness
drift can itself leak which subgroup was deleted, undermining
the plausible deniability of the deletion.

F. Discussion

The evaluation summarized in Table V reveals notable differ-
ences in the capabilities of various unlearning methods within
the context of medical Al. Retrain, regarded as the gold stan-
dard, demonstrates strong performance across critical metrics
such as maintaining fairness, accuracy, and model generaliz-
ability, although unlearning certain groups may introduce bias.
However, it suffers from a significant drawback: its computa-
tional and time demands make it impractical for large-scale
or frequent unlearning tasks, particularly in scenarios involv-
ing deep learning models with high-dimensional medical data.
Methods like FIM and CDR exhibit weaker unlearning and
global performance maintenance, reflecting their insufficient
ability to adapt to the complex distributions inherent in medical
datasets. Meanwhile, DeltaGrad’s overly aggressive unlearning
approach leads to severe instability, making it unsuitable for
sensitive medical applications. The failure of parameter-based
unlearning methods such as DeltaGrad, FIM, and CDR arises
from their assumption that data samples have isolated, localized
effects. In multi-modal medical models, however, deeply fused
visual and structured features lead to gradient entanglement
and feature attribution coupling, where forgetting one sample
causes non-local disruptions. This mismatch between method
assumptions and the entangled representation structure explains
their poor performance in this setting. SISA, on the other hand,
emerges as a promising alternative, showcasing competitive
performance compared to Retrain across multiple metrics while
requiring less computational overhead. Its shard-based aggrega-
tion and re-training mechanism effectively balances unlearning
effectiveness and global performance maintenance. Neverthe-
less, the shard mechanism introduces limitations when dealing
with large-scale deletions, as it can exacerbate distributional
imbalances among shards. While this study highlights SISA’s

strengths, these limitations were not fully explored or addressed,
underscoring the need for future research to refine unlearning
methods that are not only efficient but also capable of accom-
modating the unique and stringent requirements of medical Al

VII. LIMITATIONS AND FUTURE WORK

While the proposed evaluation framework offers a structured
methodology for assessing machine unlearning in medical Al,
several limitations remain that require further exploration.

First, the current framework was developed and validated
based on the specific task of diabetic retinopathy classification
using the mBRSET dataset. Although its design principles aim
for generalizability, the framework has not yet been tested on
other types of medical Al applications, such as electrocardio-
gram interpretation, pathology image analysis, or models that in-
tegrate multiple data modalities. Future work should investigate
its applicability in these broader clinical scenarios to validate its
general use. Second, our experiments focused on six represen-
tative unlearning methods. However, not all of these methods
are compatible with every evaluation dimension included in
our framework. For instance, certain methods cannot be readily
applied to feature-level unlearning. Exploring adaptations or ex-
tensions of these methods to improve compatibility with a wider
range of evaluation objectives would enhance the comprehen-
siveness of the framework. Finally, this study primarily serves
as an evaluation benchmark and does not introduce novel un-
learning algorithms. Future research could focus on developing
unlearning methods specifically optimized for medical contexts,
with an emphasis on privacy preservation, fairness assurance,
and clinical safety. Such efforts should also consider practical
constraints found in real-world healthcare systems, including
continuously evolving datasets and heterogeneous institutional
environments.

VIII. CONCLUSION

In this paper, we evaluated multiple machine unlearning
methods in the context of medical AI using the mBRSET
dataset, a comprehensive medical dataset encompassing diverse
features and demographics. By designing task-specific datasets
aligned with the goals of our Medical Al Unlearning Evalua-
tion Framework, we systematically assessed the ability of each
method to achieve effective unlearning while maintaining over-
all model performance. Our results demonstrate that traditional
unlearning methods remain significant limitations when these
methods are applied to medical Al scenarios. Retrain, though
providing reliable unlearning, is computationally expensive and
time-intensive, making it impractical for real-world applications
involving large-scale models or dynamic data updates. SISA,
while effective in many cases, struggles with unlearning discrete
samples and can exhibit performance degradation in scenarios
involving highly imbalanced data or complex relationships be-
tween features. Additionally, methods such as DeltaGrad, FIM,
CDR, and FU, which focus on parameter updates, demonstrated
inconsistent performance and failed to generalize effectively to
the unique challenges posed by medical data, such as fairness,
sensitivity, and dependencies among specific features. This pa-
per highlights the critical need for more robust and efficient
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unlearning methods tailored to the stringent requirements of
medical Al The findings in this study underscore the impor-
tance of developing specialized unlearning solutions that can
simultaneously ensure privacy, fairness, and clinical reliability
in medical Al systems.
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