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Overview  

Medical imaging is used in radiology to identify and treat disorders. A radiologist's job is to diagnose illnesses from 

radiographic images and write a report outlining each vision they look at. Radiomics is the study of obtaining numerous 

features from radiographic pictures. The characteristics are used to find diseases automatically. Despite their significant 

expertise in radionics, radiologists frequently review images with various variations in one sitting and create a templated 

report describing anomalies, including results and an impressions section (Liu et al., 2019). In addition, the process can 

be time-consuming and prone to human mistakes, particularly in nations with a high population density (Jing et al., 

2018). Artificial intelligence may readily be used to automate this process of creating medical reports from radiographic 

pictures (AI) 

As well as Machine Learning (ML) methods. However, different security laws and restrictions frequently make it 

difficult for machine learning researchers to access medical information. However, several datasets have been made 

publicly available recently and over the past few years. Large medical datasets become available, opening the door for 
AI, ML, and Deep Learning (DL) models to automate and create insights for medical professionals and patients. Health 

and medical information typically come in various formats, including text reports like electronic health records, patient 

report outcomes, medical imaging reports, and visual data like MRI, X-ray, and brain scans. After the data were cleared 

and de-identified, several medical and health datasets were accessible. In order to further the use of AI in healthcare, 

datasets like the MIMIC Chest X-ray dataset (Johnson et al., 2019), Chexpert (Irvin et al., 2019, p. 201), and other 
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publically available EMR datasets have recently been made available. The amount of data accessible and the 

developments in AI, ML, and DL are believed to make these techniques particularly helpful in automating various 

difficult and expensive medical activities. Therefore, it seems that the DL community has expectations about how to 

solve specific automation or inference challenges in the medical industry generally and in medical image-based 
diagnostics specifically (Litjens et al., 2017). However, creating meaningful DL models is not an easy effort since many 

features and parameters need to be trained semi-supervised when dealing with medical imaging 

(Lundervold&Lundervold, 2019). Creating radiologist reports from MRI, X-ray, or brain scans is one issue that deep 

learning has encountered and advanced in automating. Medical personnel in radiology typically manually create medical 

reports from, for instance, chest x-rays or with the help of those above essential computer-aided technologies. Therefore, 

automating that process can reduce the time and money spent by medical professionals examining x-rays and producing 

reports. DL has made significant progress in resolving computer vision issues, like creating captions for images. Early 

research in this area only used statistical computer vision methods and image processing (Kulkarni et al., 2011; 

Kuznetsova et al., 2012). With the launch of the MS COCO dataset, DL models began to play a significant role in 

image-based text creation issues to develop a model that would produce captions from images (Lin et al., 2015; Chen et 

al., 2015). 
Deep learning improves semantic segmentation problems (Fang et al., 2015). The DL encoder-decoder paradigm for 

producing captions and insightful text descriptions from images emerged as a result (Long et al., 2015). According to S. 

Liu et al. (2018), this field of research has been divided into three primary model architectures: CNN-CNN, CNN-RNN, 

and Reinforcement Learning. However, the CNN-RNN model came to dominate research in this field, giving rise to 

well-known models like Show & Tell (Vinyals et al., 2015), in which the authors used a deep CNN trained on vision 

using semantic segmentation in combination with an RNN decoder to produce language correspondence for images. The 

performance took off with the inclusion of attention models in DL models for images (Mnih, Heess, Graves, 

&Kavukcuoglu, 2014). The "Show & Tell" method was improved thanks to the incorporation of attention models by 

including an attention mechanism that results in longer descriptions (Xu et al., 2016). 

In contrast to how human attention functions, attention models learn latent alignments between images and matching 

words from scratch instead of explicitly using object detectors. This enables the model to develop beyond object 

detection and to focus on intangible ideas. However, in this paper, we based our model on the "Show, Attend and Tell" 
(Xu et al., 2016) due to its robustness and the thorough evaluation carried out by the authors. Research in text generation 

from images, mainly based on attention models, has been advancing rapidly (You et al., 2016; Krause et al., 2017; 

Rennie et al., 2017). 

In contrast to typical picture captioning assignments, where evaluation primarily hinges on comparing the readability of 

the generated text to a ground truth often provided by a person, medical reports also consider the report's clinical 

accuracy and adherence to accepted medical practices. Olatunji et al. (2019).'s study of the issue of accurate clinical 

reports, particularly in radiology, revealed "a very high disparity between what radiologists visually observe and what 

they clinically describe" using a set of 1000 chest x-ray examinations and the related reports. They also cited the 

problem that sophisticated medical natural language processing methods cannot produce labels of a high caliber. The 

fact that "current evaluation measures are borrowed directly from general image captioning" is mentioned (Pavlopulos et 

al., 2019, p.). This does not eliminate the need for typical NLP assessment methods to examine the generated reports' 
credibility and clinical correctness. However, it does call for the addition of additional evaluation techniques. The 

readability of the generated text is typically evaluated using similarity metrics in contrast to the ground truth provided 

by humans. The similarity metrics ROUGE, BLEU, and CIDer are all n-gram-based. They do not account for context 

when calculating precision, recall, and the F1 scores. A recently created metric that considers context is called BERT 

Score. Clinical accuracy has been examined, with the vital contribution of their study being highlighted (G. Liu et al., 

2019). 
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