Exemplifying the Automated Decision-Making Process of Medical
Image Annotation Systems through Explainable Al Tools*

Md. Rakibul Hasan, Md Mahmudur Rahman, Member, IEEE

Abstract—The field of medical imaging analysis has
undergone a revolution thanks to the incorporation of
automated methods for medical image annotation that are
powered by artificial intelligence (AI). The lack of
interpretability and transparency in these systems, however,
raises questions about how they make decisions and restricts
their use in therapeutic settings. Using explainable AI (XAI)
tools to illustrate the decision-making procedure of medical
picture annotation systems, we propose to address this
difficulty in this study. We investigate numerous XAI methods,
including Grad-CAM, LRP, and attention mechanisms, to shed
light on the key elements and justifications for the system's
annotations. We seek to improve the interpretability,
reliability, and therapeutic utility of these automated systems
by the visualization and explanation of the decision-making
process.
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I. INTRODUCTION

Artificial intelligence (Al) integration in medical image
analysis has transformed the area in recent years, enabling
improved diagnosis, treatment planning, and academic study.
But as Al algorithms grow more complicated and opaquer,
questions about their interpretability and transparency have
surfaced. The idea of Explainable Al (XAI), which aims to
give consumers insight into the decision-making process of
Al systems and promote trust and comprehension among
users, has gained popularity in response to these worries.

The objective of this paper is to investigate and
demonstrate the use of explainable Al techniques for
automated medical image annotation, more specifically
multi-labeling and caption generation tasks. Efficacious and
precise processing and interpretation are of paramount
importance given the exponential rise of digital medical
imaging data. By utilizing XAl approaches, we may improve
the interpretability of AI models and help medical
practitioners comprehend the reasoning behind the
automatically generated annotations and captions. This study
will offer a thorough examination of the XAI methodology
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and approaches currently in use for biomedical image
analysis. We will explore several XAl methodologies, LIME,
SHAP, saliency mapping, attention mechanisms, and model-
agnostic strategies, etc. This paper will also offer useful
illustrations and case studies that show how XAl tools can be
incorporated into the automated biomedical image annotation
and caption production procedure. We will seek to enhance
the clinical value, trustworthiness, and transparency of Al
systems by the incorporation of visuals and explanations,
ultimately resulting in better patient care and biological
decision-making. Moreover, we are using a wide range of
scientific articles, research papers, and other publications
from reliable sources to support our conclusions and
discussions.

To accomplish the objective of this research paper, we are
utilizing the medical image dataset derived from the
ImageCLEFmedical Caption Task from both 2022 [1] and
2023 [2]. The dataset from 2022 consisted of 83,275 training
images and 7,645 validation images. Similarly, the dataset
from 2023 comprised 60,918 training images and 10,437
validation images. It is worth noting that both datasets are
subsets of the ROCO (Radiology Objects in Context) image
dataset [3]. To meet the goals of this paper, we merged the
images from these two consecutive years, resulting in a
combined training set of 144,193 images, which is then split
into an 80% training set and a 20% validation set.
Additionally, we formed a combined validation set consisting
of 18,082 images, which was used as the test dataset.

II. METHODS AND APPROACHES

Medical image annotation is the process of labeling
medical images using text or unique identifiers or both to
provide meaningful information for deep learning models
both for training and prediction purposes [4]. Moreover, the
annotation task involves the practice of automatically
creating evocative concept identifiers or captions or textual
summaries for medical images [5].

Numerous deep learning and Al architectures have been
created and used in automated medical image multi-labeling
and caption generation. Convolutional Neural Networks
(CNNs) are a well-known design that are excellent at
extracting pertinent characteristics from medical images
using convolutional layers for image classification, object
recognition, and segmentation tasks [6]. Recurrent neural
networks (RNNs) and Long Short-Term Memory (LSTM)
networks are RNNs that can capture temporal relationships
and produce coherent and contextually pertinent captions for
medical images [7]. Attention-based architectures can
efficiently highlight important elements and enhance the
overall performance of the multi-labeling and caption



creation process by dynamically allocating attention to
various image areas [8]. Additionally, Transformers (i.e.,
Vision Transformer) make use of self-attention processes to
identify global and local dependencies in images, permitting
accurate feature extraction and caption and multi-label
generation [4]. Other Transformer architectures like GPT
(Generative Pre-trained Transformer) and TS5 (Text-To-Text
Transfer Transformer) can get promising results in our
intended tasks. Furthermore, ensemble models, which pool
the results of wvarious distinct models can improve
performance and increase the robustness of the annotation
and caption creation process by utilizing the collective
intelligence of various models [9].

On the other hand, XAI tools SHAP (SHapley Additive
exPlanations), LRP (Layer-wise Relevance Propagation),
LIME (Local Interpretable Model-agnostic Explanations),
Grad-CAM (Gradient-weighted Class Activation Mapping),
Attention Visualization, Layer Activation Visualization, and
Integrated Gradients will be employed to explain the outputs
of the above mentioned models by using diverse approaches
of feature relevance analysis, mapping, visualization, and
weight improvement tracking techniques [10-13].
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Figure 1. Holistic view of methodological approach.
Fig. 1 illustrates our generic approach to addressing the
intended objective of our paper.
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