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Abstract

Machine learning (ML) has shown great potential in various healthcare tasks,
with some models surpassing human performance. However, its application in
real-world healthcare scenarios is limited due to the lack of trustworthiness in ML
models. This paper investigates the challenges of explainability, fairness, privacy,
and generalization to out-of-distribution samples in healthcare ML. We examine the
current state-of-the-art methods to address these challenges and propose potential
solutions through interdisciplinary collaboration between ML researchers, clinical
practitioners, and medical imaging experts. By integrating expertise from diverse
backgrounds, we aim to advance the development of trustworthy ML models in
healthcare and facilitate their translation into clinical practice.

1 Introduction

1.1 Background

The rapid growth of medical data and advancements in ML techniques have led to significant progress
in healthcare applications, such as medical image analysis, diagnosis, treatment planning, and
prognosis prediction [1]. However, the adoption of ML models in clinical practice is still limited due
to concerns about their trustworthiness, such as explainability, fairness, privacy, and generalization [2].
In this paper, we explore these challenges and propose potential solutions through interdisciplinary
collaboration between ML researchers, clinical practitioners, and medical imaging experts.

1.2 Motivation

The potential of ML models in healthcare is undeniable, but their widespread adoption hinges on
overcoming the challenges of trustworthiness. By fostering interdisciplinary collaboration, we can
address the challenges of explainability, fairness, privacy, and generalization, paving the way for the
development and deployment of trustworthy ML models in healthcare.

1.3 Organization

This paper is organized as follows: Section 2 discusses the challenge of explainability and the current
approaches to address it. Section 3 delves into the issue of fairness and the techniques employed to
tackle it. Section 4 examines privacy concerns and the methods used to mitigate them. Section 5
investigates the generalization of ML models to out-of-distribution samples and presents the current

∗The paper was generated by ChatGPT. Prompts are mentioned in the Appendix. This paper is part of a
larger independent research initiative.



methodologies. Section 6 highlights the importance of interdisciplinary collaboration in addressing
these challenges. Finally, Section 7 concludes the paper and provides future research directions.

2 Explainability

2.1 Challenges

ML models, particularly deep learning models, are often criticized for their "black-box" nature,
making it difficult for clinicians to understand their decision-making processes [3]. The lack of
explainability hinders the acceptance of ML models in healthcare, as clinicians need to trust the
model outputs to use them in making treatment decisions.

2.2 Current Approaches

2.2.1 Visualization Techniques

Visualization techniques, such as saliency maps and class activation maps, have been widely used
to provide insights into the inner workings of ML models [4]. These techniques generate visual
representations of the features that contribute the most to the model’s predictions, helping clinicians
understand the rationale behind the decisions.

2.2.2 Feature Attribution Methods

Feature attribution methods, such as Layer-wise Relevance Propagation (LRP) and DeepLIFT, aim to
quantify the contribution of each input feature to the model’s prediction [5]. By attributing importance
scores to individual features, these methods can shed light on the factors influencing the model’s
output.

2.2.3 Local Interpretable Model-Agnostic Explanations (LIME)

LIME is a model-agnostic explanation method that generates explanations for individual predictions
by approximating the model with a locally interpretable linear model [6]. LIME provides human-
interpretable explanations that can help clinicians understand the decision-making process of complex
ML models.

2.3 Future Directions

Despite the progress made in explainable ML, there is still room for improvement. For instance,
developing methods that can provide global explanations for the entire model, rather than just
individual predictions, would help clinicians better understand the overall behavior of ML models.
Additionally, research is needed to develop evaluation metrics for assessing the quality of explanations
provided by various explainability techniques.

3 Fairness

3.1 Challenges

ML models can exacerbate healthcare disparities if they are trained on biased datasets or if they
learn to exploit spurious correlations that do not generalize well to different patient populations [7].
Ensuring fairness in ML models is crucial to prevent worsening health disparities and to promote
equitable access to healthcare services.

3.2 Current Approaches

3.2.1 Re-sampling and Re-weighting

Re-sampling and re-weighting techniques, such as oversampling and undersampling, can help balance
the distribution of different patient populations in the training data [8]. By adjusting the sampling
process, these methods can reduce the impact of biased data on the model’s predictions.
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3.2.2 Adversarial Training

Adversarial training is a technique that aims to reduce the model’s sensitivity to specific input
features, such as gender or race, by learning a representation that is invariant to these features [9]. By
incorporating adversarial training, ML models can be made more robust against biases and ensure
fair performance across different patient populations.

3.3 Future Directions

Research in fairness-aware ML is an ongoing effort. Future work should focus on developing novel
methods for identifying and mitigating biases in healthcare data and ML models. Additionally, there
is a need for standardized benchmarks and evaluation metrics to assess the fairness of ML models in
healthcare applications.

4 Privacy

4.1 Challenges

Protecting the privacy of patients’ data is paramount in healthcare applications. Traditional ML
methods often require access to large amounts of sensitive data, raising concerns about potential data
breaches and unauthorized access [10].

4.2 Current Approaches

4.2.1 Federated Learning

Federated learning is a distributed ML framework that enables the training and evaluation of ML
models without exposing sensitive patient data [11]. In federated learning, local models are trained
on each data source, and only the model parameters are shared and aggregated, ensuring privacy and
compliance with data protection regulations.

4.2.2 Secure Multi-Party Computation (SMPC)

SMPC is a cryptographic technique that allows multiple parties to jointly compute a function over
their inputs while keeping the inputs private [12]. By employing SMPC, healthcare organizations can
collaborate in training and evaluating ML models without revealing their sensitive data.

4.2.3 Homomorphic Encryption

Homomorphic encryption is a cryptographic approach that enables computations on encrypted data
without decrypting it [13]. By using homomorphic encryption, ML models can be trained and
evaluated on encrypted patient data, ensuring privacy while still benefiting from the insights provided
by the data.

4.3 Future Directions

As the volume of medical data continues to grow, so does the need for privacy-preserving ML
techniques. Future research should focus on improving the scalability and efficiency of existing
privacy-preserving methods and developing new approaches that can handle the increasing complexity
of healthcare data and ML models.

5 Generalization to Out-of-Distribution Samples

5.1 Challenges

ML models are prone to overfitting, especially when trained on small or biased datasets [14].
Overfitting can result in poor generalization to out-of-distribution samples, limiting the utility of ML
models in real-world healthcare settings.
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5.2 Current Approaches

5.2.1 Data Augmentation

Data augmentation is a technique used to increase the size and diversity of the training data by
applying various transformations, such as rotation, scaling, and flipping, to the original samples [15].
By augmenting the training data, ML models can learn more robust representations and generalize
better to unseen data.

5.2.2 Domain Adaptation

Domain adaptation is a technique that aims to transfer the knowledge learned from one domain
(source) to another domain (target) with different data distributions [16]. By leveraging domain
adaptation, ML models can be adapted to new data distributions and improve their generalization
performance.

5.2.3 Transfer Learning

Transfer learning is an approach that leverages pre-trained models to enhance the learning process
for new tasks with limited data [17]. By initializing the model with pre-trained parameters, transfer
learning can help ML models generalize better to out-of-distribution samples.

5.3 Future Directions

Improving the generalization of ML models to out-of-distribution samples is a critical area of research.
Future work should investigate novel techniques for enhancing the robustness and adaptability of ML
models in the face of diverse and changing data distributions. Additionally, more research is needed
to understand the theoretical underpinnings of generalization in ML models.

6 Interdisciplinary Collaboration

6.1 Importance of Interdisciplinary Collaboration

To effectively address the challenges of explainability, fairness, privacy, and generalization in health-
care ML, interdisciplinary collaboration is essential. By integrating expertise from ML researchers,
clinical practitioners, and medical imaging experts, we can develop novel methods and benchmarks
to assess the trustworthiness of ML models in healthcare [18]. Furthermore, interdisciplinary collabo-
ration can facilitate the translation of ML models into clinical practice by bridging the gap between
ML research and real-world healthcare applications.

6.2 Strategies for Fostering Interdisciplinary Collaboration

6.2.1 Joint Research Projects

Encouraging joint research projects between ML researchers, clinical practitioners, and medical
imaging experts can lead to the development of innovative solutions that address the challenges of
trustworthiness in healthcare ML.

6.2.2 Workshops and Conferences

Organizing workshops and conferences that bring together researchers and practitioners from diverse
backgrounds can help foster interdisciplinary collaboration and facilitate the exchange of ideas,
experiences, and best practices.

6.2.3 Shared Resources

Creating shared resources, such as open-source software tools, datasets, and benchmarks, can facilitate
collaboration and enable researchers and practitioners to jointly advance the frontiers of trustworthy
ML in healthcare.
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7 Future Research Directions

7.1 Explainability

Future research in explainability should focus on developing methods that can provide global
explanations for the entire model, rather than just individual predictions. This would help clinicians
better understand the overall behavior of ML models. Additionally, there is a need for evaluation
metrics that can assess the quality of explanations provided by various explainability techniques.

7.2 Fairness

As fairness-aware ML continues to develop, novel methods for identifying and mitigating biases in
healthcare data and ML models should be explored. Standardized benchmarks and evaluation metrics
to assess the fairness of ML models in healthcare applications are also essential for guiding future
research in this area.

7.3 Privacy

With the increasing volume of medical data and the growing complexity of ML models, privacy-
preserving techniques must continue to evolve. Future research should focus on improving the
scalability and efficiency of existing privacy-preserving methods and developing new approaches that
can handle the increasing demands of healthcare data and ML models.

7.4 Generalization

Enhancing the robustness and adaptability of ML models in the face of diverse and changing data
distributions is a critical area for future research. Novel techniques for improving the generalization
of ML models to out-of-distribution samples should be explored, as well as further investigation into
the theoretical underpinnings of generalization in ML models.

7.5 Interdisciplinary Collaboration

As the field of healthcare ML continues to grow, fostering interdisciplinary collaboration will
be crucial for addressing the challenges of trustworthiness. Joint research projects, workshops,
conferences, and shared resources can all help facilitate collaboration between ML researchers,
clinical practitioners, and medical imaging experts, ultimately leading to the development of more
trustworthy ML models in healthcare.

8 Case Studies: Interdisciplinary Approaches to Trustworthy ML in
Healthcare

8.1 Case Study 1: Improving Explainability in Diabetic Retinopathy Diagnosis

Diabetic retinopathy is a leading cause of blindness worldwide, and early detection is crucial for
effective treatment. ML models have shown promising results in diagnosing diabetic retinopathy
from retinal images [19]. However, the lack of explainability in these models has limited their
adoption in clinical practice. To address this issue, researchers collaborated with ophthalmologists
to develop a deep learning model integrated with explainability techniques, such as Grad-CAM
[20]. The interdisciplinary approach enabled the development of a more transparent and trustworthy
model, allowing clinicians to understand the model’s decision-making process and increasing their
confidence in the model’s predictions.

8.2 Case Study 2: Ensuring Fairness in Predicting Hospital Readmissions

Predicting hospital readmissions is an essential task in healthcare, as it helps healthcare providers
identify high-risk patients and allocate resources effectively. ML models have been used to predict
readmissions, but concerns about fairness in these models have arisen due to potential biases in the
training data [21]. To address this challenge, researchers collaborated with healthcare practitioners
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to develop a fairness-aware ML model for predicting readmissions using adversarial training [22].
The interdisciplinary approach ensured that the model accounted for potential biases and performed
fairly across different patient populations, leading to improved trustworthiness and applicability in
real-world healthcare settings.

8.3 Case Study 3: Preserving Privacy in Federated Learning for Medical Image Analysis

Medical image analysis is a critical application of ML in healthcare, but sharing medical images
among institutions for model training raises privacy concerns. To tackle this issue, researchers and
medical imaging experts collaborated to develop a privacy-preserving federated learning framework
for training ML models on distributed medical image datasets [23]. The interdisciplinary approach
enabled the development of a secure and privacy-preserving ML framework, allowing healthcare
institutions to collaborate on model training without exposing sensitive patient data.

8.4 Case Study 4: Enhancing Generalization in Alzheimer’s Disease Prediction

Predicting Alzheimer’s disease progression from multimodal data, such as MRI and PET scans, is a
challenging task due to the variability and complexity of the data. ML models trained on single-site
datasets often suffer from poor generalization to out-of-distribution samples [24]. To address this
challenge, researchers collaborated with clinical practitioners and medical imaging experts to develop
a transfer learning approach that leverages pre-trained models and domain adaptation techniques for
Alzheimer’s disease prediction [25]. The interdisciplinary approach resulted in a more robust and
generalizable ML model, demonstrating the potential for improved clinical utility.

9 Conclusion

The potential of ML models in healthcare is undeniable, but their widespread adoption hinges
on overcoming the challenges of trustworthiness. By fostering interdisciplinary collaboration, we
can address the challenges of explainability, fairness, privacy, and generalization, paving the way
for the development and deployment of trustworthy ML models in healthcare. This paper has
explored the challenges of explainability, fairness, privacy, and generalization in healthcare ML and
the potential solutions offered by interdisciplinary collaboration between ML researchers, clinical
practitioners, and medical imaging experts. By integrating expertise from diverse backgrounds, we
can jointly address these challenges, advancing the development and deployment of trustworthy ML
models in healthcare. The case studies presented in this paper demonstrate the real-world impact
of interdisciplinary approaches to trustworthy ML in healthcare, highlighting the importance of
continued collaboration and research in this area.
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A Appendix

A.1 Model details

API Used: GPT-4 with 8K context window
Temperature: 0.7
top_p: 1

A.2 Prompt

The prompts used to draft this paper is mentioned below.

Mashrin: I want you to act as an academician. You will be responsible for researching a topic and
presenting the findings in a paper or article form. Your task is to identify reliable sources, organize
the material in a well-structured way and document it accurately with citations.

Mashrin: My first request is to suggest a paper title for the conference workshop "Trustworthy
Machine Learning for Healthcare Workshop". Workshop details: Machine learning (ML) has achieved
or even exceeded human performance in many healthcare tasks, owing to the fast development of
ML techniques and the growing scale of medical data. However, ML techniques are still far from
being widely applied in practice. Real-world scenarios are far more complex, and ML is often faced
with challenges in its trustworthiness such as lack of explainability, generalization, fairness, privacy,
etc. Improving the credibility of machine learning is hence of great importance to enhance the trust
and confidence of doctors and patients in using the related techniques. We aim to bring together
researchers from interdisciplinary fields, including but not limited to machine learning, clinical
research, and medical imaging, etc., to provide different perspectives on how to develop trustworthy
ML algorithms to accelerate the landing of ML in healthcare.

Scope and Topics Interested topics will include, but not be limited to:

Generalization to out-of-distribution samples.

Explainability of machine learning models in healthcare.

Reasoning, intervening, or causal inference.

Debiasing ML models from learning shortcuts.

Fair ML for healthcare.

Uncertainty estimation of ML models and medical data.

Privacy-preserving ML for medical data.

Learning informative and discriminative features under weak annotations.

Human-machine cooperation (human-in-the-loop, active learning, etc.) in healthcare, such as medical
image analysis.

Multi-modal fusion and learning, such as computed tomography (CT), magnetic resonance imaging
(MRI), ultrasound, pathology, genetics, electronical healthcare records, etc.

Benchmarks that quantify the trustworthiness of ML models in medical imaging tasks.

The goal of this workshop is to bring together expertise from academia, clinic, and industry with
an insightful vision of promoting trustworthy machine learning in healthcare in terms of scalability,
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accountability, and explainability. The challenges to ML come from diverse perspectives in practice,
and it is therefore of great importance to establish such an interdisciplinary platform to encourage
sharing and discussion of ideas, implementation, data, labelling, benchmarks, experience, etc, and
jointly advance the frontiers of trustworthy ML in healthcare.

GPT-4: Paper Title: "Towards Trustworthy Machine Learning in Healthcare: Addressing Challenges
in Explainability, Fairness, and Privacy through Interdisciplinary Collaboration"

Mashrin: Please write a paper on this topic. The quality of the generated conference should be good
enough like a top publication. Please add references.

GPT-4: Generates the content of the paper.

Mashrin: Can you please create a bib file for LaTeX? All the citations should be in BibTex format.
Use the numbering as the citation name.

GPT-4: The output for this is used for citation in this paper.
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