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Abstract. Deep Learning (DL) is a well-established pipeline for feature extrac-

tion in medical and non-medical imaging tasks, such as object detection, seg-

mentation, and classification. However, DL faces the issue of explainability, 

which prohibits reliable utilisation in everyday clinical practice. The present 

study employs the well-established Grad-CAM algorithm to assess the deci-

sions of a Deep Learning framework in various medical image classification 

tasks. Seven datasets are utilised, involving images from SPECT, CT, Micros-

copy, and X-Ray, which correspond to numerous diseases, including Lung Can-

cer, Coronary Artery Disease, and COVID-19. The main conclusion of the re-

search is that DL with Grad-CAM might reveal important image features. How-

ever, it is observed that on many occasions, Grad-CAM shows the model's inef-

ficiency in discovering the right locations, even in the classification accuracy is 

at a top level. 
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1 Introduction 

There is much discussion about the quality and usefulness of the image features ex-

tracted by Deep Learning (DL) methods, especially in medical imaging. DL holds 

first place in terms of the number of features mined and quantified throughout the 

processing layers of a deep network; however, few studies have performed a deep 

analysis of the clinical, prognostic and diagnostic value of these features. The applica-

tion of DL in processing medical images, especially in developing predictive and 

diagnostic models, is hindered by the fact that it is neither explainable nor transparent. 

Moreover, the model's supervision of the decision-making process is unknown to 

engineers, let alone to medical staff. On the other hand, the discovery of vital image 

biomarkers has recently catalysed the emergence of many techniques based on Ma-

chine Learning (ML) and others that export features in a non-automatic way [1, 2]. 

Most related research in the field is focused on predicting clinical outcomes by ana-

lysing pre-defined potential biomarkers extracted from medical and clinical image 

data. The inherent ability of DL to reveal such biomarkers is not formally validated. 

Especially for clinical image analysis, the automatic procedures must be straightfor-
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ward, transparent, explainable and reproducible [3]. Every scientific conclusion de-

rived from an Artificial Intelligence (AI) method, which may affect and redefine the 

medical pipeline in many domains, must rely on established techniques, analytical 

experiments, and clinical evaluation. In medical imaging, the definition of quantifia-

ble and reproducible significant biomarkers evolves into a particular field of research. 

It utilises the full range of tools developed, such as ML, DL, and Radiomics.  

The present study intends to assess DL methods from a biomedical engineering 

perspective rather than a statistical and mathematical evaluation based solely on pre-

define accuracy metrics. The study evaluates the potential importance of medical 

imaging features extracted by the successful DL model called FF-VGG19 [4].  

2 Methods 

2.1 Datasets 

The present study utilises seven medical imaging datasets of various modalities and 

domains. Error! Reference source not found. summarises the characteristics of each 

dataset.  

Table 1. Datasets utilised for the experiments 

Dataset 

Name 

Modality and 

domain 

Classes (number of images) 

PET/CT PET/CT scans, 

including Solitary 

Pulmonary Nodules 

(SPNs) 

Benign (61), Malignant (111) 

LIDC-IDRI 

[5] 

CT scans, including 

SPNs 

Benign (620), Malignant (616) SPNs 

COV_X 

[6] 

 

X-ray scans of 

respiratory diseases 

Pulmonary Edema (293), Pleural Effusion 

(311), Obstructive Pulmonary Disease (315), 

Pulmonary Fibrosis (280), COVID-19 (455), 

Bacterial and Viral Pneumonia (910), Normal 

cases (1341) 

COV_CT 

[7] 

 

CT scans of respiratory 

diseases 

COVID-19 (349), Normal (397) 

Cells 

[8] 

 

Microscopic Images of 

cancerous cells 

Eosinophil (424), Typical Lymphocyte (3937), 

Monocyte (1789), Myeloblast (3268), Neutrophil 

(4419) 

MPIP 

[9] 

SPECT Myocardial 

Perfusion Imaging 

Polar Maps of 

Coronary Artery 

Disease (CAD) 

CAD (136), Normal (80) 

MNIST 

[10] 

Skin images for skin 

cancer recognition 

Actinic Keratoses (327), Basal cell carcinoma 

(514), Benign keratosis (1099), Melanoma 

(1113), Melanocytic nevi (6705) 
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2.2 Deep Learning and Grad-CAM 

Based on the architecture of VGG19, a modification is proposed to obtain more in-

formation from the high-level feature-extracting layers. This modification is entitled 

Feature-Fusion VGG19 (FF-VGG19) [4]. The layers of the network are completely 

trainable. 

The Grad-CAM [11] algorithm intends to identify the areas of the input image hav-

ing a critical effect on the classification decision of the classifier placed at the top of 

the CNN. Hence, its functionalities are fully exploited in object detection tasks, where 

a specific image area contains the desired object.  

3 Results 

We present the quantitative results in Table 2. It is observed that FF-VGG19 obtains 

good accuracy in classifying the LIDC-IDRI, COV_X, and Cells datasets. Sub-

optimal metrics are reported for the rest of the datasets. 

Table 2. Results 

Dataset Accuracy (%) Sensitivity (%) Specificity (%) AUC F1 – 

score 

PET/CT 69.77 69.76 65.76 76.64 60.93 

LIDC-IDRI 82.52 76.29 88.70 90.67 80.80 

COV_X 84.94 - - 95.25 - 

COV_CT 78.57 87.96 70.27 83.48 79.23 

Cells 91.61 - - 94.46 - 

MPIP 66.08 85.29 33.75 90.70 39.26 

MNIST 77.93 - - 84.58 - 

 

In Fig. 1, we present the results of the Grad-CAM algorithm. The Grad-cam algo-

rithm traces the convolutional layers and neurons participating strongly in formulating 

the final classification outcome. In this way, FF-VGG19 reveals the important areas 

of the original images, wherein the decisive features are discovered. 

For the SPNs depicted in Fig. 1, subfigure a, it is noticed that the benign SPNs are 

highlighted in red, and their surroundings are not highlighted at all, in contrast with 

the malignant SPNs, where the red colourmap covers the entire image. It is demon-

strated that the model seeks information in the correct areas, although the discovered 

information could not be visualised, at least with the Grad-cam algorithm. It is also 

noticed that the COVID-19 X-ray images are classified as such based on discovered 

patterns in the high respiratory. In contrast, normal cases are classified based on fea-

tures in other locations. That demonstrates that CNN is looking for information in the 

right direction, as it has been proven that the novel Coronavirus affects specific areas 

of the respiratory system. However, it is also observed that some irrelevant features 

are extracted and misjudged as decisive ones.  
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The detection of COVID-19 in CT images is questioned in the scientific communi-

ty. For this reason, the highlighted areas of the CT images (subfigure c) are unreliable. 

However, the CNN also highlights irrelevant areas (e.g. c1 outer left picture, c2 outer 

left picture). Therefore, the model is assumed to be confused by the incomplete and 

irrelevant-to-covid-19 information discovered in CT cases. Since the CT_COV da-

taset included few images, no further assumptions are made at this stage.  

For the Myocardial Perfusion polar maps, the CNN is based on green areas of the 

initial image, which is the correct method. However, the initial image is not informa-

tive in a significant proportion of the subjects and leads to false positives. 

 

Fig. 1. Grad-CAM results 
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4 Conclusions 

This analysis yields strong evidence that medical-specific features (i.e. image bi-

omarkers) are extracted when training the proposed networks from scratch and ob-

served in large-scale datasets, especially in pathological findings. The outcome de-

rives from obvious features (e.g. colour, size, shape). Moreover, the study performs a 

preliminary analysis of the Grad-CAM algorithm to inspect the suggested regions. 
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