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Abstract: This study addresses the diagnostic challenges associated with Non-Small Cell Lung Cancer (NSCLC), the
most prevalent form of lung cancer often diagnosed at advanced stages. It aims to develop a computer-aided
classification model exclusively utilizing medical images from Positron Emission Tomography (PET) and Computed
Tomography (CT) scans. The model identifies benign/malignant Solitary Pulmonary Nodules (SPN) related to NSCLC.
A dataset comprising of 456 patients, in total, was curated, featuring 48.68 % benign cases. To achieve its objective,
four well-established Deep Learning (DL) algorithms were employed. The dataset was split into three different
groups of images, each used for a particular task; training, testing and validation of the model. Notably, the study
extends beyond predictive accuracy by delving into the prediction process of the best-performing model, thereby
enhancing the explainability of the typically opaque Artificial Intelligence (AI) models. This explainability aspect
aims to foster trust and confidence in the model’s outcomes, allowing users to comprehend the decision-making
process. The results indicate that the YOLOv8 algorithm emerged as the most accurate classification model,
achieving a maximum accuracy of 91.3% and a maximum True Positive Rate (TPR) of 93.62 %. This study’s
importance lies in underscoring the potential of DL approaches in improving NSCLC diagnosis while providing a
transparent and understandable classification mechanism. It offers a novel way of explaining classification results
from YOLOv8 model and it demonstrates both the effectiveness of DL-assisted predictions in characterizing SPNs
and the added value of interpretability, thereby offering a holistic perspective on the model’s capabilities.
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intelligence
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1 Introduction

Non-small cell lung cancer (NSCLC) is a prevailing health concern, constituting approximately 85 % of lung cancer
cases [1]. The multifaceted diagnosis and treatment of NSCLC relies on factors such as disease stage, patient health,
and specific molecular biomarkers [2]. Standard protocols include surgical resection for early-stage NSCLC and a
combination of chemotherapy, radiation therapy, and targeted approaches for advanced stages [3]. The advent of
immunotherapy, exemplified by drugs like pembrolizumab and nivolumab, has ushered in a paradigm shift in
NSCLC treatment, although response variability necessitates ongoing research into predictive biomarkers [4], [5].
The imperative for a personalized approach underscores the management of NSCLC, with continuous research
endeavors aimed at refining patient outcomes.

In parallel, recent strides in Al herald transformative prospects for healthcare, promising better precision in
diagnoses, disease prognostication, and overall improvements in patient outcomes. A noteworthy application of
Al integration lies in customized Medical Decision Support Systems (MDSS), leveraging sophisticated Machine
Learning (ML) algorithms to analyze patient data, thereby furnishing personalized diagnoses and tailored
treatment recommendations [6]. This computational prowess extends beyond diagnostics, permeating into drug
development domains where Al predicts molecular behaviors and identifies potential therapeutic targets. As Al’s
penetration deepens into healthcare systems, the potential for heightened efficiency, effectiveness, and patient
experiences becomes increasingly palpable.

Given the ubiquity of NSCLC, ML and DL algorithms have gained considerable traction in diagnostic, prog-
nostic, and treatment prediction domains [7], [8]. Notable studies, such as that by Guberina et al. [9], have
employed multilayer perceptron neural networks and Random Forest (RF) models on image data to predict
malignant lymph nodes, achieving commendable accuracy of 87.3 % and sensitivity of 85.7 %. Another study by Yu
et al. [10] utilized RF on CT images to predict pathologic stages in NSCLC patients with an accuracy of 86 %. A more
recent study by Janik et al. [11] employed RF to predict recurrence probability in early-stage NSCLC patients,
yielding an accuracy of 76 %. Additionally, Yu et al. [12] proposed an Extreme Gradient Boosting (XGBoost)
classifier for lung cancer prediction, further diversifying the ML methodologies. Furthermore, in Ref. [13], re-
searchers employed a Decision Tree (DT) prediction model to calculate the probability of mediastinal lymph node
metastasis in lung cancer, achieving sensitivity and specificity of 40 and 96.23 %, respectively. Lastly, Kureshi et al.
[14] employed four distinct classifiers to predict treatment outcomes from EGFR tyrosine kinase inhibitors,
achieving a classification accuracy of 76 %. Moreover, in Ref. [15], 11 ML and DL models are evaluated and a
maximum accuracy of 84.1 % is reached. Collectively, these studies underscore the burgeoning potential of ML
algorithms in refining NSCLC diagnostics and treatment, promising enhanced accuracy and patient outcomes.
Table 1 depicts a summary of recent work specifically on NSCLC classification. Further discussion and comparison
with the findings of the current work is provided in the Discussion Section.

It is immediately apparent that there is not such a plethora of studies utilizing DL methods to classify NSCLC
cases. Importantly, existing studies predominantly leverage datasets rich in image data, primarily PET, SPECT,
and CT scans. Indeed, these modalities, especially PET/CT, have proven to be highly sensitive for NSCLC detection.
Nonetheless, PET image sets are less represented as there is an oversaturation of CT image sets and clinical data in
the body of related research. Additionally, there is a but complete lack of transparency and explainability
regarding the proposed models. The current work touches base on both these shortcomings. More specifically, the
study achieves peak accuracy by adopting contemporary ML/DL models such as ResNet [24], MobileNet [25], and
YOLOV8 [26], underscoring its commitment to cutting-edge methodologies. The explainability aspect of the
current study, particularly for YOLOVS, the best-performing model, remains unique, as related work exploring its
black-box mechanics is seemingly scarce or none, whatsoever. This incorporation of advanced models enhances
the study’s predictive capabilities and aligns with the forefront of technological advancements in machine
learning and deep learning. The study introduces an essential layer of transparency to the often opaque me-
chanics of the most accurate classification model. By offering insights into the decision-making process, this
transparency contributes to a deeper understanding of the model’s functionality. This aspect is particularly
significant in addressing the common black-box nature of AI models, enhancing the interpretability and
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Table 1: Related work on NSCLC classification.

References Dataset size Data types Best results of study
Cai et al. [16] LADC: 452 Clinical data Accuracy: 86.54 %
SQCLC: 359
Rabbani et al. [17] 227 patients Clinical, demographical and image data AUC: 88.2 %
Prelaj et al. [18] 200 patients Clinical and laboratorial data Accuracy: 75.6 %
F1:72.2%
AUC: 82 %
Han et al. [15] ADC: 867 Image data Accuracy: 84.1 %
SCC: 552 AUC: 90.3 %
Apostolopoulos et al. [19] 112 SPNs Image data Accuracy: 94 %

Sensitivity: 92.7 %

Specificity: 95.2 %
Apostolopoulos et al. [20] LIDC-IDRI: 1113 SPNs Image data LIDC-IDRI accuracy: 92.07 %

PET/CT: 172 SPNs LIDC-IDRI sensitivity: 89.35 %

LIDC-IDRI specificity: 94.8 %

PET/CT accuracy: 84.46 %

PET/CT sensitivity: 91.12 %

PET/CT specificity: 77.75 %

Zhang et al. [21] 55 patients Image data Sensitivity: 85.2 %
Specificity: 82.1 %

Laros et al. [22] 148 patients Image and laboratorial data Accuracy: 92 %
AUC: 87 %

Bashir et al. [23] 106 patients Image data AUC: 82 %

reliability of the study’s outcomes. The study’s contributions encompass three main facets. Firstly, it achieves
highly accurate results in SPN malignancy classification, without the need for an excessively large image set.
Secondly, it conducts a comprehensive evaluation of four well-established DL algorithms for lung cancer pre-
diction, demonstrating a commitment to thorough analysis and benchmarking against leading models. Lastly, the
study delves into the complexities of a black-box Al prediction model, providing valuable insights for its seamless
integration into a computer-aided decision-making system for NSCLC diagnosis and classification.

The subsequent sections of the paper are organized as follows. Section 2 provides analytical details on the
patient dataset, the ML models harnessed for classification, and the evaluation process, inclusive of a proposed
explainability analysis. Section 3 presents the experimental results, elucidating performance metrics and high-
lighting noteworthy findings. Section 4 conducts a comprehensive discussion, delineating both the strengths and
weaknesses of the proposed model, and touches on the mechanics of the best-performing algorithm. The study
concludes in Section 5, summarizing key findings and proposing potential avenues for future research.

2 Materials and methods

The methodology of this research was executed in a Linux environment, specifically on a system equipped with a
14-core i5 CPU, 32GB DDR4 RAM, RTX-3060 GPU and running Ubuntu 20.04LTS. Python served as the primary
programming language for the project, complemented by various machine learning-specific libraries such as
sklearn, shap, and genetic_selection. The MDSS application was created using Streamlit, a web-like Graphical User
Interface (GUI) library for back-end code running on Python.

2.1 Dataset - patient population

The current study comprised 456 participants, among whom 234 received a diagnosis of malignant SPN from medical
experts, constituting 51.32 % of the cohort. The remaining participants were diagnosed with benign cases, resulting in
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a highly balanced dataset. In terms of demographics, a majority of participants (70.37 %) were male, spanning ages
from 46 to 89 years, with an average age of 67 years. Body Mass Index (BMI) ranged from 14.36 to 40.88, covering
categories from underweight to obesity class III, based on World Health Organization (WHO) BMI classifications [27].

This investigation employed a hybrid PET/CT scanner, specifically the “GE Healthcare 1Q3” model. The
scanner features three detector rings with a 15cm field of view, reconstructing 35 axial images at 4.25 mm
intervals. Three-dimensional (3D) volumes representing the entire body were acquired through various bed
positions while the patient assumed a supine position. For CT image acquisition, 16 detectors of 3.75 mm size, 1.5
pitch, and 5 mm collimation were employed, with exposure factors set at 120-140 kVp and 80 mAs. The CT images
were acquired in free-breathing mode. SPN malignancy characterization was conducted by physicians or radi-
ologists through a cross-examination of the produced PET scan, CT1.25 scan, and derived markers such as the
SUVmax score. Scans lacking Solitary Pulmonary Nodules were excluded, and studies featuring lung nodules
exceeding a diameter of 3 cm were disregarded.

Patient data were systematically recorded at the Clinical Sector of the Department of Nuclear Medicine,
University Hospital of Patras, spanning from February 16, 2019, to February 28, 2022. Ethical approval for data
collection was granted by the Ethical and Research Committee of the University General Hospital of Patras (protocol
number 108/10-3-2022). Given the retrospective nature of the study, the need for informed consent from participants
was waived. Rigorous measures were implemented to ensure anonymity throughout all data-related processes. The
execution of all procedures in this study adhered strictly to the principles outlined in the Declaration of Helsinki.

2.2 Medical images

PET scans involve injecting a small amount of a radioactive tracer, typically fluorodeoxyglucose (FDG) in the case
of NSCLC, into the patient’s bloodstream. As cells absorb the tracer, emitted positrons interact with electrons,
producing gamma rays. Detectors capture these gamma rays, enabling the creation of three-dimensional images
that highlight areas of increased metabolic activity. PET scans are valuable in diagnosing and staging various
diseases, including cancer [28].

CT scans employ X-rays to create detailed cross-sectional images of the body. The patient lies on a table that
moves through the CT scanner, which rotates to capture X-ray images from various angles. A computer processes
these images to generate detailed cross-sectional slices, providing a comprehensive view of internal structures.
CT scans are crucial for diagnosing conditions such as tumors, fractures, and internal injuries, offering high-
resolution anatomical information [29].

The current work relies solely on the medical scans from the hybrid PET/CT scanner. A recent study by our
research team [30] proposed an explainable classification model, utilizing solely clinical data for the same NSCLC
cases. Therefore, the current work expands the particular effort by implementing an explainable classification
model for NSCLC medical scans.

More specifically, two main sets of images were created; PET and CT. Each particular dataset was then divided
into three separate subsets/subdirectories, test, train and valid. The analogy by which this split was applied was:
— train set: 70 %

— validation set: 20 %
— testset: 10 %

As per common practice in the research community on image classification, the train subset (the largest of the
three) was used in tandem with the test set for the training and recalibration of each model considered in the
scope of the current work. Lastly, the validation set was used in order to validate the trained classification models
and extract the evaluation metrics.

The original images were preprocessed for DL. As a first step, an extra layer was added to each image,
pinpointing its specific class/label (Benign/Malignant). Then the images were resized accordingly as per the needs
of each particular application (training, validation or explanation). The final step to produce the best model for
each DL algorithm was then to fine-tune the parameters of every algorithm based on every run’s results so as to
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Figure 1: Study’s high-level design. (Source: created by the author).

sensitivity 93.62

achieve maximum classification/prediction accuracy. The high-level design of the present study is also depicted
on Figure 1.
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2.3 DL models

In the scope of the current study, four different well-known DL architectures were tested; YOLOvS (You Only Look
Once v8), VGG-16 (Visual Geometry Group 16), ResNet (Residual Network) and MobileNet. This selection of DL
models has been actively employed on image classification works with proven efficiency/accuracy [31]-[38].

YOLO [26] is a real-time object detection model, that tackles computer vision with its singular pass approach,
predicting bounding boxes and class probabilities simultaneously. Developed by Joseph Redmon and Santosh
Divvala, YOLO emerged in 2016, introducing an innovative single-pass architecture for real-time object detection.
YOLO’s architecture underwent enhancements in subsequent versions. Renowned for speed, YOLO’s unified
architecture excels in diverse applications, including medical image analysis. In healthcare, its efficiency proves
invaluable for rapid identification and localization of abnormalities in diagnostic imaging. Its real-time capa-
bilities make it particularly apt for scenarios requiring immediate decision support. YOLO’s versatility and speed
make it a prominent choice in the evolving landscape of medical image interpretation, offering swift and accurate
detection of anomalies for improved patient care.

VGG-16 [39] has at its base a deep convolutional neural network. It originated from the Visual Geometry
Group at the University of Oxford, led by Andrew Zisserman and Karen Simonyan. Introduced in 2014, VGG-16
gained prominence for its simplicity and effectiveness. With its 16-layer architecture (hence its naming), VGG-16
captures intricate features, setting a benchmark in computer vision tasks. In medical imaging, its depth proves
advantageous for discerning subtle nuances in pathology. The network’s ability to hierarchically process visual
information aligns with the complex nature of medical images, offering detailed insights for precise diagnostics.
VGG-16’s applications in medical image analysis showcase robust performance, providing a foundation for
accurate classification and interpretation.

ResNet [24], based on residual learning, was proposed by Kaiming He et al. in 2015. It addresses challenges in
training deep neural networks. With skip connections, ResNet enables the successful training of exceptionally
deep networks, vital for extracting complex hierarchical features. As far as medical imaging application is
concerned, ResNet’s depth allows the model to pinpoint intricate patterns, a feat that is particularly crucial for
tasks such as tumor detection. Its contribution to mitigating vanishing gradient issues enhances the network’s
ahility to learn and adapt, positioning ResNet as a valid option for medical image analysis applications.

The last DL model to be evaluated was MobileNet [25]. Developed by Google researchers Andrew G. Howard
et al,, MobileNet debuted in 2017. It is designed for computational efficiency, and can play a pivotal role in
resource-constrained environments. Its architecture, featuring depth-wise separable convolutions, balances high
accuracy with low computational demands. In medical applications, MobileNet’s lightweight design can prove
advantageous for real-time image processing on mobile devices. Its adaptability to diverse settings, without
compromising performance, positions MobileNet as a practical choice in scenarios where computational re-
sources are limited. MobileNet’s efficiency aligns seamlessly with the evolving landscape of portable medical
imaging devices, contributing to accessible and swift diagnostic solutions.

2.4 Results evaluation

The study conducted a thorough evaluation of each model’s outcomes, employing five widely adopted metric
scores. These metrics included accuracy, sensitivity, specificity, Receiver Operating Characteristics (ROC) curve,
and the confusion matrix. The analysis involved examining the correlation among True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN) instances through these metrics, providing a
comprehensive understanding of each model’s performance. This systematic evaluation facilitated a nuanced
assessment of the models’ strengths and weaknesses, ultimately guiding the selection of the optimal model.

Traditionally, accuracy stands as the predominant metric for AI model assessment, quantifying the pro-
portion of correctly classified instances among the total instances. Its calculation follows the mathematical
formula:
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Essential for evaluating diagnostic tests or decision-making tools, sensitivity and specificity serve as pivotal
measures. Sensitivity gauges the precision of true positive identification, while specificity assesses the precision
of true negative identification. Particularly pertinent in binary classification scenarios, such as the benign/
malignant classification in this study, these metrics illuminate a model’s capability to accurately identify in-
dividuals within the first class (benign SPN) and those outside it (specificity). The mathematical expressions for
calculating these metrics are articulated as follows:
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T

TN + FP
In appraising the effectiveness of a binary classification model, the ROC curve provides a valuable visual rep-
resentation, depicting the true positive rate (sensitivity) against the false positive rate (1-specificity) across diverse
threshold values. This graphical tool aids in selecting an optimal threshold, striking a balance between sensitivity
and specificity. Additionally, the area under the ROC curve (AUC) serves as a widely utilized metric, quantifying
the overall performance of the classification model. A perfect model attains an AUC of 1, while randomness yields
an AUC of 0.5.

Concluding the evaluation toolkit, the confusion matrix proves instrumental. This tabular representation
succinctly summarizes the model’s predicted and actual outcomes. In binary classification scenarios, the matrix
assumes a 2 x 2 format, delineating TP, TN, FP and FN predictions. Scrutinizing these matrix values yields insights
into the model’s accuracy, precision, and recall.

2.5 Results’ interpretation

Within the methodology of this study, a pivotal concluding step involves interpreting the best performing
prediction model. This holds paramount significance for all black-box prediction models, particularly in medical
applications. The imperative for explainability stems from the potential ramifications of opacity, as it can erode
trust among both patients and medical personnel [40]-[42]. In the medical domain, adherence to regulations
mandating explanations for automated decision-making systems is imperative [43]. Hence, for Al to be a valuable
tool in healthcare, it necessitates a transparent prediction process. Furnishing insights into the decision-making
mechanisms of Al systems is indispensable for bolstering trustworthiness and fostering acceptance within the
medical practice.

Within the contemporary body of scientific work, there is variety of tools employed to explain ML prediction
patterns. Afore mentioned tools include analysis systems, such as SHapley Additive exPlanations (SHAP) [44] and
Local Interpretable Model-Agnostic Explanations (LIME) [45], but also, especially when explaining images,
Gradient-weighted Class Activation Mapping (Grad-CAM) [46]. These different forms of explainability focus on the
explanation of predictions with unique formulae. Notwithstanding, as the optimal model of the current study is
based on DL algorithm YOLOVS, this introduces some extra complications. Due to the complexity of the under-
lying classification model, the more standard approaches listed above were not feasible. Namely, they could
either not be applied on the current prediction model due their unique analytical approach, or they needed
tampering of the internal neural network powering the optimal model. Ergo, we opted for ablation analysis, in
order to shed light unto the prediction process of the model.

This innovative approach is introduced for enhancing explainability in a black-box ML classification model
through an ablation heat-map. This methodology dissects the model’s decision-making process by systematically
deactivating/obscuring parts of the input features/images and observing the resultant impact on predictions. The
generated heat-map visually highlights the pivotal features influencing the model’s classifications, offering
interpretable insights into its decision rationale. By overlaying the image on top of the original image, we create a
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user-friendly means of showcasing the most crucial points of interest of the original image. This ablation heat-
map approach aims to not only elucidates the black-box model’s inner workings but also contributes to increased
transparency, fostering trust and understanding crucial for the effective integration of Al systems in scientific
and medical applications. This is a radical approach utilizing an established analysis pattern to offer explain-
ability for a state-of-the-art DL classification model (YOLOVS). Also and most importantly this approach is case-
agnostic, meaning that it can be applied for the specific model on any image classification scenario, not exclu-
sively for PET/CT image sets. Hopefully, this works will help to further exploit the specific model and expand the
explainable AI (XAI) research on related fields.

As this novel ablation heat-map approach required some form of validation, comparative analyses against
established XAI techniques (SHAP and LIME) were conducted, using the same PET/CT images. While ablation
analysis was uniquely compatible with the primary YOLOvS8 architecture, SHAP and LIME explanations were
implemented on the ResNet18 model (secondary classifier with 85 % accuracy) to enable direct methodological
comparison.

3 Results

YOLOVS8, VGG-16, ResNet and MobileNet are four established DL models and networks that were tested in the
context of the current work. All algorithms were individually trained on both image sets; PET and CT. Further-
more, some fine-tuning with hyperparameter selection was conducted on each experiment/run, so as to maxi-
mize the efficiency of every model. Eventually, the optimal model was found to be the one based on YOLOvS
architecture and this model’s prediction performance was explained with the use of ablation heat-maps, in order
to produce a XAI system. The above mentioned results are showcased in the following sections.

3.1 Results using the PET image set

Table 2 illustrates the accuracy, sensitivity, and specificity outcomes derived from applying the models on the
validation image set of PET medical scans. The YOLOv8-derived model demonstrated superior performance,
achieving the highest scores for accuracy and specificity. On the other hand, the highest sensitivity was reached
by the resNet-based classification model. This underscores the efficacy of the YOLOv8 model in accurately
discerning between benign and malignant SPNs, establishing it as the optimal selection for the classification task
at hand. Additionally, Figure 2 depicts the confusion matrices of all tested architectures.

3.2 Results using the CT image set

Similarly, Table 3 illustrates the accuracy, sensitivity, and specificity outcomes derived from applying the models
on the validation image set of CT medical scans. Once again, the YOLOv8-derived model demonstrated superior
performance, achieving the highest scores for accuracy and specificity. This time, however, it also achieved the
highest sensitivity score across all architectures, making it the optimal prediction architecture for CT image sets,
as well. Additionally, Figure 3 depicts the confusion matrices of all tested architectures.

3.3 Interpretation of best performing model

As depicted on Tables 2 and 3, the optimal prediction system for both PET and CT images was the one utilizing the
YOLOV8 algorithm. As described in the Methods section, through the process of ablation, explainable heat-maps
were generated for each case. The more magenta colored sections indicate a point of interest/focus. These
informative heat-maps highlight the points of interest and focuses of the classification mechanism. Ergo, they



DE GRUYTER

A.-D. Samaras et al.: Explainable YOLOv8 model for solitary pulmonary =—— 9

Table 2: Metrics scores achieved on the PET image set.
YOLOv8 VGG-16 ResNet MobileNet
Accuracy 89.00 % 82.41% 84.62 % 82.42%
Specificity 97.73% 79.55% 79.55% 79.55 %
Sensitivity 80.85 % 85.11% 89.36 % 85.11%

Bold values are the higher results for each algorithm.

Comparison of Models (Confusion Matrices)

YOLOv8 VGG-16
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Figure 2: Comparison of models’ performance; indicative PET confusion matrices. (Source: created by the author).

convey the exact points of the medical scan’s images that were the most crucial in deciding whether the case is a
malignant one or a benign. Following, some characteristic heat-map overlays are presented for each test case.

3.4 Comparative explainability analysis

The current study introduces among others a new XAI technique based on ablation heat-maps and as such
existing, established XAl techniques were employed to validate the results. Namely, explanation through SHAP
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Table 3: Metrics scores achieved on the PET image set.
YOLOvS VGG-16 ResNet MobileNet
Accuracy 92.30 % 87.91% 85.71% 83.52%
Specificity 90.91 % 86.36 % 86.36 % 81.82%
Sensitivity 93.62 % 89.36 % 85.11% 85.11%
Bold values are the higher results for each algorithm.
Comparison of Models (Confusion Matrices)
YOLOvS VGG-16
-40
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3 2
[ =
Malignant Malignant 5 42
o~ 'bé' ™~ ‘b‘\‘
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Figure 3: Comparison of models’ performance; indicative CT confusion matrices. (Source: created by the author).

and LIME was applied to the same images and was compared with the relative ablation heat-map based XAI
image. Since ablation analysis was uniquely suited for the primary YOLOv8 architecture (which does not offer an
explanation alternative), the second best performing model in the current study was selected (i.e. ResNet18)

classifier on the same PET/CT dataset to enable SHAP and LIME comparisons. In the following images charac-
teristic malignant cases are showcased.
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4 Discussion

The current study has a multifaceted focus. First, it set to produce an explainable approach for NSCLC classifi-
cation, by developing an accurate computer-aided decision-making system that can in equal efficiency discern
between benign and malignant NSCLC cases. Furthermore, another objective was to offer valid insight to the
decision process of the system. This is what actually makes this approach explainable, as it reveals which points/
factors played major role in the eventual prediction.

Indeed, as Tables 2 and 3 showcase, the proposed model (i.e. the one based on the YOLOvS8 architecture)
achieved top of the class accuracies. More specifically, as far as PET images are concerned, it classified between
malignant and benign cases with an accuracy of 89 %. Also and most importantly it exhibited an extremely low
False Positive Rate (FPR) of 2.27 %. On the other hand, for CT clinical scans the results were even more accurate,
with a top accuracy of 92.3 % and FPR of 9.1 %. These metrics mean that not only the model is accurate in NSCLC
classification, but also (and perhaps most crucially) it has a very low FPR. This actually means that very few false
malignant cases were predicted, a factor that can have a great implicit impact. It can save both the patient and the
National Healthcare System (NHS) extreme psychological and economical toll. On a side note, when trained on CT
image sets, apparently all tested models performed slightly better than with PET images.

As far as misses (False Negative and False Positive instances) are concerned, on the case of CT medical scans,
the misses were too few (4 False Positive and 3 False Negative occurrences) to reach a meaningful conclusion or
error pattern. The same applies to the False Positive instances for the PET case. However, the PET False Negative
occurrences were enough (9 instances) for a meaningful error analysis. Based on the affected scans, it was noticed
that the PET False Negative ablation maps involved patients with minimal tracer uptake. Hence, their corre-
sponding PET images were of inherently low diagnostic value. Nevertheless, these patients were ultimately
confirmed positive (a phenomenon that can occasionally occur), which indirectly vindicates the selected YOLOvS
model, as the ground-truth labels were established by biopsy or clinical follow-up rather than by imaging alone.

The second main objective of this study, the matter of explainability, proved to be a challenge. The optimal
model was based on YOLOvS architecture, which is a quite modern/new algorithm. Even though previous
versions of YOLO architecture have been successfully analyzed with traditional explainability analyses such as
SHAP, this version had no relative library which could be utilized for that purpose. Thus, a new approach was to
be found in order to shed light unto this black-box system. This was accomplished by employing ablation on the
original images. By consistently hiding parts of the image and measuring their impact on the prediction result,
ablation heat-maps were created. These heat-maps contained the information regarding which parts of the
images were the most crucial for the eventual prediction. By overlaying the produced heat-maps on top of the
image, we produced a clear method to explain the classification results by highlighting the most important parts
of medical image, which were evidently the SPNs themselves.

Hence, regarding the PET image set (Figures 4 and 5), the explainability heat-maps clearly identify the
malignant SPNs. For instance, in Figure 4a the prediction model accurately identified the existence of two SPNs
(the characteristically fluorescent points). Moreover, Figure 4a—c. showcase that the existence of the SPNs was
pinpointed and it was what led to the eventual prediction. On the contrary, as Figure 5a and b depict, for benign
cases, the focal points of the heat-maps were somewhat all over the image. This can explain the choice of the
benign class, as no specific malignant finding was spotted.

Similarly, CT image sets showcased the same behavior. Due to the way CT procedure functions, the malignant
SPNs on the original images may not be equally discernible to the untrained human eye as in their PET coun-
terparts. Nevertheless, the heat-maps can be utilized to identify the malignant instances. In particular, Figure 6a—
c depict malignant cases and which points of the image led to the final classification. On the other hand, the “heat”
in Figure 7a and b is somewhat less focused and more spread over the image, showcasing a lack of a main point
interest, i.e. a malignant node.

Moreover, Figures 8,9, 10, and 11 present the validation results of ablation heat-maps against SHAP and LIME
explanations. This dual-analysis paradigm revealed strong spatial agreement between techniques, with ablation
heat-maps identifying the majority of the high-importance regions highlighted by SHAP and LIME, while
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PET Image set
Figure 4: Characteristic ablation
heat-maps overlays for PET
scans; malignant cases. (Source:

a. b. created by the author).
. - Figure 5: Characteristic ablation heat-maps overlays for PET
a. b.

scans; benign cases. (Source: created by the author).

CT Image set

. .
a. b.
. l

|
a. b.

maintaining YOLOvS’s real-time processing capabilities. In some cases, ablation heat-maps provided even more
accurate focus on the important regions than the other two techniques. The concordance across methods sub-
stantiates that the ablation technique could provide clinically relevant explanations without compromising the
architectural advantages of YOLOvVS.

Figure 6: Characteristic ablation
heat-maps overlays for CT scans;
malignant cases. (Source:
created by the author).

Figure 7: Characteristic ablation heat-maps overlays for CT
scans; benign cases. (Source: created by the author).
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Figure 8: XAI images for
malignant PET cases; a. Ablation
heat-map (YOLOV8), b. SHAP
(ResNet), c. LIME (ResNet).
(Source: created by the author).

Figure 9: XAI images for
malignant PET cases; a. Ablation
heat-map (YOLOV8), b. SHAP
(ResNet), c. LIME (ResNet).
(Source: created by the author).

Figure 10: XAI images for
malignant CT cases; a. Ablation
heat-map (YOLOV8), b. SHAP
(ResNet), c. LIME (ResNet).
(Source: created by the author).

Figure 11: XAI images for
malignant CT cases; a. Ablation
heat-map (YOLOV8), b. SHAP
(ResNet), c. LIME (ResNet).

a. b. C. (Source: created by the author).

Overall, the integration of explainability is paramount for comprehending the model’s decision-making
process and the variables influencing its predictions. This transparency is especially vital to gain trust from the
medical community, ensuring confidence in the model’s predictive accuracy. Last but not least, such insights
derived from these techniques can greatly aid in identifying outlier cases and any potential errors in input
images.
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In conclusion, this study presents actionable proposals tailored for the medical-biomedical community.
Firstly, considering both PET and CT modalities is recommended due to their distinct information content, as
algorithms can independently glean valuable insights from each. An argument is made for integration of both
clinical characteristics and manually extracted image features by medical professionals. Employing
explainability-enhancing methods is advocated to provide physicians with a more comprehensive understanding
of the neural network’s decision-making process, allowing them to assess the model’s reliability. Drawing from
research results that depict an increase in accuracy when the human professional is included in the process [47],
incorporating the “doctor in the loop” concept in future work is also highly advisable. Seeking the input of medical
professionals can enhance diagnostic accuracy through collaborative refinement with machine learning models.

Although the diagnostic performance of the proposed model was the primary focus, deployment feasibility
remains a crucial aspect for clinical integration. Preliminary assessments indicate that the YOLOv8-based model
achieves near real-time inference speeds (~25 ms per image) and maintains a relatively compact size (~45 MB),
suggesting suitability for deployment on standard hospital servers. Future work will include comprehensive
benchmarking on various hardware platforms, including edge devices, to assess performance trade-offs and
optimize for resource-constrained environments.

However, the study bears certain limitations. Specifically, the image set employed was relatively small and
represented a limited patient population, which may constrain the generalizability of the findings. Expanding the
dataset to include a more diverse and extensive cohort from multiple institutions could enhance the robustness
and applicability of the model. In addition, future efforts may benefit from the integration of transfer learning
techniques, leveraging pre-trained models from related medical imaging domains to improve performance in
data-scarce scenarios. The continued use and refinement of data augmentation strategies — such as geometric
transformations and intensity normalization — also present viable avenues to mitigate overfitting and enhance
model generalization. Ultimately, creating a multimodal approach for the matter at hand, combining insights
from image and clinical data could enhance even further the current approach.

5 Conclusions

The primary aim of the current work was to develop a highly accurate explainable classification system for NSCLC
cases. Notably, on the front of accuracy, the optimal model selected achieved an accuracy of 92.3 % for CT image
sets and 89 % for PET image sets, demonstrating equal proficiency in predicting both benign and malignant cases
with high rates.

On top of that, the introduction of a novelty explainability mechanism into the black-box NSCLC classification
system yielded valuable insights. The YOLOv8 being a much contemporary architecture has still not been treated
by more traditional explainability analyses. Hence, the current study offers a new method of explaining classi-
fications from the particular DL algorithm, with the use of ablation heat-maps. This methodology affords
transparency into the model’s decision-making process, enhancing comprehension of contributing factors. This
transparency fosters trust, crucial in medical contexts where prediction accuracy profoundly impacts patient
outcomes. Highlighting impactful features enables users to scrutinize predictions, promoting error identification
and informed decision-making.

Future endeavors encompass developing a holistic MDSS for NSCLC utilizing the results of the current study
as well as its accompanying one for clinical data [30]. Thus, a complete solution on this subject will be offered.
Moreover, expanding the model’s applicability to diverse datasets from various external sources is also part of
our forthcoming exploration, ensuring a broader and more comprehensive scope for advancing our under-
standing of NSCLC.
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