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Abstract—Goal: To quantitatively assess the impact of
incorporating radiologist-defined Region of Interest (ROI)
information in training deep learning models for thyroid ul-
trasound image classification and lesion localization. Meth-
ods: We compared a conventional convolutional neural
network (CNN) trained without ROI information, interpreted
through Grad-CAM for attention visualization, to Faster R-
CNN and YOLOv2 models trained with radiologist-validated
ROI masks. We also introduced an adapted mosaic-based
composite input, derived from mosaic augmentation but
implemented as fixed 1 × 2 and 2 × 2 layouts, to improve
class balance and spatial diversity in training. Results:
Models trained with ROI guidance achieved higher per-
formance in both localization and classification compared
to those trained without ROI. The average classification
accuracy increased from about 80% in the baseline CNN
to around 85% in ROI-guided models that shows an im-
provement of approximately 5 percentage points. The mean
intersection over union between detected and radiologist-
defined ROIs increased from approximately 33% to over
70%. The adapted mosaic input further stabilized perfor-
mance across epochs and improved sensitivity while main-
taining comparable specificity. Conclusions: Incorporating
radiologist-defined ROI information and structured mosaic
inputs significantly improves both diagnostic accuracy and
localization precision. These results demonstrate that inte-
grating ROI-guided learning with context-preserving com-
posite inputs provides a reproducible framework for devel-
oping reliable AI systems in thyroid ultrasonography.

Index Terms—Deep learning, mosaic augmentation,
region of interest (ROI), thyroid ultrasonography, YOLOv2.
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thyroid ultrasound classification accuracy and lesion local-
ization, improving diagnostic reliability and interpretability
in deep learning–based medical imaging AI.

I. INTRODUCTION

THYROID nodules are extremely common, leading to a
continuous rise in the number of individuals seeking med-

ical attention for them. These nodules are distinct anomalies
within the thyroid gland, separate from the thyroid parenchyma.
While the majority of diagnosed nodules are benign, a minority
(approximately 10% to 15%) are identified as malignant [1], and
this malignancy rate is on the rise. Fine-needle aspiration (FNA),
acknowledged globally as the gold standard for diagnosis, is
employed to distinguish between benign and malignant thyroid
diseases, albeit being an invasive procedure. The advancement
of ultrasonography (US) technology has made US the primary
diagnostic tool for thyroid nodules [2]. This non-invasive and
cheap approach has become the initial step in thyroid testing,
resulting in the accumulation of a substantial volume of US
image data over time.

As computers have advanced, rapid processing of large
datasets has become possible. Consequently, Convolutional
Neural Networks (CNNs) have gained prominence, classifying
benign and malignant nodules using images alone. However,
CNNs’ inner workings have remained obscure that leave users
uncertain about their classification rationale. Researchers thus
moved beyond relying solely on large training datasets to enable
CNNs to autonomously identify and categorize features. Their
goal further includes understanding the factors behind these
classifications. Ultimately, many have aimed to develop inter-
pretable AI. Prominent methods for explainable AI in image
classification include Gradient-Class Activation Map (Grad-
CAM) and Local Interpretable Model-Agnostic Explanation
(LIME). Grad-CAM relies on activation-based techniques that
use weighted combinations of activations from each convolu-
tional layer [3]. On the other hand, LIME adopts a perturbation-
based approach to ascertain importance by altering predicted
values based on minor alterations (perturbations) in input data
[4]. Employing these methods, one can discern which elements
of the input image are deemed significant by the CNN during
the classification process. However, despite numerous efforts
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Fig. 1. Architectures of three models: CNN, faster R-CNN, and YOLOv2.

to apply CNNs and object detection networks to medical ultra-
sonography, prior studies have seldom investigated how explic-
itly incorporating radiologist-defined ROI information affects
both classification and localization which leaves the quantitative
impact of ROI supervision largely unaddressed.

In some regards, Grad-CAM and LIME bear similarities to
techniques for locating regions of interest (ROIs). Classical
methods have enabled segmentation or detection of ROIs in
images, and as research on networks that autonomously learn
features from images has progressed, increasingly precise lo-
calization models have appeared. Noticeable examples include
the U-Net series, the end-to-end fully convolutional network
[5]. These models provide ROI information alongside the input,
enhancing localization accuracy. They can either automatically
identify and extract features from ROIs, or classify the ROI or
entire image using CNN training. More recently, simultaneous
ROI detection and class classification have become possible
through methods such as R-CNN, Fast R-CNN, Faster R-CNN,
and YOLO series. Originally developed for diverse, multi-label
datasets, these techniques have since been adapted to medical
images using transfer learning.

Meanwhile, object detection research has also explored mod-
els that utilize multiple images as input. These approaches are
generally aimed at enhancing detection performance by leverag-
ing temporal information or integrating multiple views. Notable
areas of study include video object detection, multi-view object
detection, and image patch merging. Video object detection typ-
ically involves stacking sequential frames to provide temporal
context as input to the network [6]. Multi-view object detection
uses images from different viewpoints to perform object detec-
tion in 3D space or from different angles [7]. When the object is
small, techniques such as merging patches from multiple images

into a single input or duplicating small objects within the same
image as part of data augmentation are commonly used [8].

Advanced data augmentation methods, including CutMix [9],
[10], [11] and Mosaic Augmentation [12], which combine mul-
tiple images for richer and more diverse training inputs, have
been widely adopted to improve detection model performance
and generalization. In this study, we adapted the mosaic concept
to construct a newly suggested composite input structure (1× 2
and 2× 2 layouts) for thyroid US. Unlike the original on-the-
fly mosaic augmentation, our approach predefines spatially ar-
ranged inputs that combine benign and malignant nodules within
a single image, serving as a controlled multi-context training
structure rather than a random augmentation.

This study aims to analyze and quantify the impact of ROI
information on CNN thyroid ultrasound image classification and
detection. To this end, we conduct comparisons between stan-
dard CNNs and detection models (Faster R-CNN and YOLOv2)
trained with radiologist-curated ROI masks. Additionally, we
introduce and evaluate novel input data structures based on
concatenation and augmentation strategies as in Fig. 1. De-
tailed background and methodological descriptions, including
information on deep learning interpretability, object detection
architectures, and data augmentation techniques, are provided
in the Supplementary Materials.

The present work was designed to address a key research
question: whether the incorporation of radiologist-defined ROI
information enhances the diagnostic accuracy and localization
capability of CNN-based thyroid nodule classifiers, and under
what conditions this improvement becomes most significant.
Our initial hypothesis was that explicitly training deep learning
models with radiologist-annotated ROIs would improve both
classification and localization performance compared to CNNs
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trained without such information. However, we also hypothe-
sized that ROI information alone might be insufficient unless
supported by context-preserving composite input structures that
capture broader spatial relationships. The main contributions
and findings of this study are summarized as follows: (1) We
quantitatively present that ROI-guided models outperform con-
ventional CNNs in both localization accuracy and diagnostic
consistency. (2) We show that ROI information alone does
not guarantee improved performance, whereas combining ROI
guidance with mosaic-based input structures enhances both
classification accuracy (by 4–5%) and stability across epochs.
(3) We introduce a new mosaic input strategy that effectively
integrates multiple nodule regions into a single input, enriching
contextual representation. (4) We provide a unified, reproducible
framework for evaluating the impact of ROI information on both
detection and classification performance in medical imaging.

II. MATERIALS AND METHODS

A. Experimental Data

Our research uses thyroid US images from Severance Hos-
pital, Yonsei University Health System (approved by the in-
stitutional review board (IRB) of Severance Hospital, Seoul,
South Korea, with a waiver of informed consent). Images were
collected from patients who underwent fine-needle aspiration
(FNA) or surgery between June 2012 and March 2019. Pa-
tients aged 18 and older were included. Thyroid nodules with a
maximum diameter over 1 cm and confirmed benign or malig-
nant diagnoses by cytology or pathology were considered. The
dataset contains 13967 US images, split into 13333 training and
634 test images. The dataset has been used since February 18,
2025. The training set includes 6400 benign and 6933 malignant
cases; the test set, 95 benign and 539 malignant. Mask images
marking the ROI for each original image were obtained under
radiologist supervision. Original images were captured from the
US device’s monitor; thus, preprocessing was applied to remove
non-US elements like letters, symbols, and the gray scale bar to
ensure data integrity.

B. Various Input Structures

We proposed new input data structures for Faster R-CNN
[13] and YOLOv2 [14] to improve detection and classification
performance. While the base CNN and detection models utilized
the same training dataset, Faster R-CNN and YOLOv2 required
specific input formats to facilitate multi-label learning in MAT-
LAB. To address this, benign and malignant nodule images were
merged to create composite images:

� Class balancing was achieved via oversampling.
� Benign and malignant images were concatenated side-by-

side; larger composites (e.g., two benign and two malig-
nant images arranged in a square) were also generated.

� Rotational arrangements were created to ensure all regions
and label positions were learned.

To ensure reproducible ROI–label alignment within the com-
posite input structures, each sub-image preserved its original
diagnostic label (benign or malignant) and corresponding ROI

TABLE I
EXPERIMENTAL SETTINGS FOR TRAINING RESNET-50, FASTER R-CNN, AND

YOLOV2

coordinates. During the construction of the 2 × 2 mosaic inputs,
two benign and two malignant nodules were systematically
arranged at fixed spatial positions—for instance, benign nodules
were placed at (11) and (22), while malignant nodules occupied
(12) and (21). The ROI bounding boxes from each sub-image
were geometrically transformed to the new global coordinate
system by adjusting their upper-left coordinates and preserving
their original width and height. All possible rotational arrange-
ments (90°, 180°, and 270°) of these four regions were also
generated to enrich spatial diversity.

As a result, each composite image contained four consistently
aligned bounding boxes with accurate label correspondence,
ensuring that every nodule’s diagnostic label and ROI position
remained traceable and reproducible across the entire dataset.

The process for constructing these composite input structures
is illustrated in Fig. 2. As shown, 1× 2 and 2× 2 layouts enable
the detection models to identify and learn from multiple nodule
regions within a single image. These modifications enabled
robust training of detection models and improved performance,
as discussed in the Results section.

C. Experimental Settings

ResNet-50 [15], a widely used convolutional neural network,
was selected as the backbone model for all experiments based on
its strong validation performance with our thyroid ultrasonog-
raphy (US) dataset. For classification, ResNet-50 was adapted
for binary output by replacing its final layers and trained using
cross-entropy loss. For object detection, both Faster R-CNN
and YOLOv2 utilized ResNet-50 as their backbone, with task-
specific modifications including new classification heads and
detection modules. All training was performed on an NVIDIA
RTX 3090 GPU using MATLAB R2022a. Hyperparameters
such as batch size and number of epochs were optimized for
each model to balance accuracy and training time.

Training hyperparameters for ResNet-50, Faster R-CNN,
and YOLOv2, including batch size, learning rate, momentum,
weight decay, and number of epochs, are summarized in Table I.
The random seed was not explicitly fixed for each training
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Fig. 2. Input data structures for CNN with faster R-CNN and YOLOv2.

session. Nevertheless, all models were trained under identi-
cal hardware and data loading conditions, and repeated trials
confirmed consistent convergence and negligible variance in
performance. Instead of using k-fold cross-validation, a fixed
training/validation split was defined once from the original
dataset and consistently applied across all experiments, ensuring
that every model was trained and validated on the same data
partitions for a fair comparison.

For clarity, the main parameters and their purposes are sum-
marized as follows. The learning rate (1 × 10−3) controlled
the weight update step size, while momentum (0.9) and weight
decay (0.0005) regularized optimization. Mini-batch sizes of 16
(YOLOv2) and 2 (Faster R-CNN) were chosen according to
GPU memory constraints. Positive and negative region propos-
als for Faster R-CNN were defined usingIoU ≥ 0.6 and IoU ≤
0.3 thresholds, respectively (used only for labeling training
proposals). Three anchor boxes were estimated from the train-
ing data to guide region proposals. Detection losses combined
cross-entropy for classification and Smooth L1 for bounding
box regression, while YOLOv2 additionally used mean squared
error for coordinate prediction. Classification performance was
evaluated using accuracy, sensitivity, and specificity, averaged
over epochs 31–40 (mean ± standard deviation). Localization
performance was quantified by Intersection over Union (IoU ),
Intersection over ROI (IoR), and Intersection over Detected area
(IoD).

D. Detection and Classification Methods

Three models were compared: ResNet-50 trained solely for
benign/malignant classification without ROI information, and
ResNet-50 combined with Faster R-CNN or YOLOv2, which
perform detection and classification using radiologist -annotated
ROI masks.

For the detection models, output bounding boxes defined de-
tected regions. Since ResNet-50 is a classification-only network,
Grad-CAM was applied to visualize attention regions relevant
to classification decisions. These attention heatmaps highlight
image areas weighted most heavily during prediction.

Detection models and ResNet-50 were trained on various
input image structures: YOLOv2 on 1× 1 and 2× 2 square
inputs, Faster R-CNN on 1× 2 and 2× 2 inputs, respecting
each model’s input constraints. Classification results from each
detected region were aggregated for final image-level prediction.

A detailed description of model architectures, training se-
tups, Grad-CAM implementation, and classification aggregation
methods is provided in the Supplementary Materials.

III. RESULTS

A. Metrics

The classification performance was evaluated using accuracy,
sensitivity, and specificity, computed as

Accuracy =
TP + TN

TP + TN + FP + FN
,

Sensitivity =
TP

TP + FN
, Specificity =

TN

TN + FP
,

where TP, TN, FP, and FN denote true positives, true negatives,
false positives, and false negatives, respectively.

To quantify localization performance, we introduced three
region overlap metrics comparing detected regions (D) with
expert radiologist ROIs (R):

� Intersection over Union (IoU ): R∩D
R∪D × 100

� Intersection over ROI (IoR): R∩D
R × 100

� Intersection over Detected Area (IoD): R∩D
D × 100
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Fig. 3. A case of malignant image classified as malignant by ResNet-50. (a) is the original image indicated the ROI and (b) is the top 50% area
of heat map by ResNet-50.

TABLE II
COMPARISON OF SPEED (H: HOUR, M: MINUTE, S: SECOND)

In this paper, we have selected IoU as our primary evaluation
metric to assess the algorithm’s capacity for accurate localiza-
tion. More specifically, it enables us to determine whether the
algorithm correctly identifies the appropriate region to make
an accurate classification decision. It is worth noting that all
three metrics could be applied, but our preference for IoU
stems from its aptness for identifying cases in which the CNN
might have focused on areas unrelated to the task, even if
it arrived at a correct decision. Fig. 3 shows an instance in
which the CNN predominantly concentrates on three specific
areas, ultimately concluding that it is an image of malignancy,
aligning with the gold standard. However, it remains ambiguous
whether the CNN’s decision to classify the image as malignant
is primarily influenced by features from the area where there is
an overlap with the radiologist-indicated ROI or if the decision
is derived from an incorrect region, as depicted in Fig. 3(b).
Evaluating the three metrics with values of IoU = 0.3380,
IoR = 0.8582, and IoD = 0.3580, it becomes evident that
IoU is the most informative metric, suggesting that the CNN
may, at times, consider irrelevant areas during its decision-
making process. In addition, for a subset analysis described
in the Supplementary Materials, we evaluated how many true-
positive (TP) and true-negative (TN) detections achieved an
IoU ≥ 30%, which was used as a practical threshold to indicate
sufficiently accurate localization. This analysis allowed us to as-
sess whether both correctly diagnosed malignant and benign im-
ages were based on regions consistent with radiologist-defined
ROIs.

B. Analysis of Algorithm Speed

We evaluated the computational efficiency of the models by
measuring their average training time per epoch and testing time
per image on the same hardware platform. As summarized in
Table II, ResNet-50 demonstrates the fastest training and infer-
ence speeds among compared models. Faster R-CNN requires
substantially longer training times due to its region proposal
network, especially with larger input structures. YOLOv2 offers
a favorable balance, providing significantly faster training and
testing than Faster R-CNN while maintaining strong perfor-
mance.

C. Detection and Classification Results

The Grad-CAM score map quantifies the level of influence a
specific layer has on the classification result, represented as a dif-
ferential value. In Fig. 4(b), one can observe the score map for an
image displayed as a heatmap. We computed three metrics (IoU ,
IoR, and IoD) for the top 30%, 50%, and 70% of the score map
and the detected area identified by Faster R-CNN and YOLOv2.
Table III displays the average percentage of overlapping ratios
across all 634 test images. Comparative examination with the
results obtained from ResNet-50 in conjunction with Faster
R-CNN and YOLOv2 configurations reveals that the original
ResNet-50 exhibits reduced overlapping areas. These findings
provide evidence that the localization capability of the CNN
trained with ROI information surpasses that of its counterpart
without ROI data.



LEE et al.: QUANTITATIVE ANALYSIS OF THE IMPACT OF REGION OF INTEREST INFORMATION ON DEEP LEARNING ALGORITHMS 177

Fig. 4. Comparison of detected regions by three models. (a) is the original image with ROI, (b) is the heat-map using Grad-CAM for ResNet-50,
(c) is top 30% of the heat-map of ResNet-50, (d) is the bounding box by Faster R-CNN, and (e) is the bounding box by YOLOv2.

TABLE III
COMPARISON OF DETECTION RESULTS FOR RESNET-50, FASTER R-CNN, AND YOLOV2

TABLE IV
COMPARISON OF CLASSIFICATION RESULTS FOR RESNET-50, FASTER R-CNN AND YOLOV2. VALUES FOR RESNET-50 AND YOLOV2 MODELS REPRESENT

THE MEAN ± STANDARD DEVIATION OVER EPOCHS 31–40, WHERE PERFORMANCE WAS STABLE. THIS APPROACH QUANTIFIES THE VARIABILITY ACROSS
EPOCHS TO ENSURE RELIABILITY OF THE REPORTED METRICS.

Next, we conduct a comparative examination of the classifica-
tion performance between ResNet-50 and ResNet-50 equipped
with detection models using different input data structures.
When the classification CNN is paired with a detection model,
one can modify the input structure to enhance overall perfor-
mance in both localization and classification. In this context, we
use the classification result corresponding to the (1, 1) region
among the four detected regions in the 2× 2 input structure of
Faster R-CNN, as it yielded superior performance compared to
the individual classification results from other regions or any
combination thereof. As for YOLOv2, the final classification
result was determined by aggregating the classification outputs
from all detected regions within the 2× 2 input. The outcome of
this approach shows that the detection model using a 2× 2 input
structure, combined with the CNN, produces higher accuracies
than those using fewer images. Consequently, we advocate the
adoption of 2× 2 images as the input structure for the detection
model.

Furthermore, the classification results displayed in Table IV
reveal that ResNet-50, when coupled with Faster R-CNN and
YOLOv2, trained with ROI data using 2× 2 images, achieved
approximately 4% to 5% higher accuracy compared to ResNet-
50 which was exclusively trained on images without ROI in-
formation. For ResNet-50 and YOLOv2, classification metrics

were averaged over epochs 31–40, and the mean ± standard
deviation were reported to reflect performance stability during
the convergence stage. Detailed per-class localization results,
including the proportion of correctly localized malignant (TP)
and benign (TN) detections with 2× 2, are presented in Supple-
mentary Tables S-2 and S-3, providing class-wise quantitative
validation of localization accuracy. The detailed training and
validation curves, along with confusion matrices for each model
and input configuration, are provided in the Supplementary
Materials (Figures S-1 and S-2), confirming stable convergence
and consistent class-wise prediction patterns.

ROI Detection Analysis was conducted to evaluate the agree-
ment between model-detected regions and expert-annotated
ROIs. While the detailed analysis, including quantitative over-
lap metrics and comparative evaluations between Grad-CAM
attention maps and bounding box detections, is presented
in the Supplementary Materials, the main manuscript fo-
cuses on overarching detection and classification performance
trends. Models trained with expert ROI information demon-
strate notably higher localization accuracy and diagnostic
reliability.

For a comprehensive examination of ROI detection perfor-
mance, including detailed metrics and visualization examples,
please refer to the Supplementary Materials.



178 IEEE OPEN JOURNAL OF ENGINEERING IN MEDICINE AND BIOLOGY, VOL. 7, 2026

IV. DISCUSSION

Our study clearly presents that a model trained to recognize
ROI is capable of more accurate ROI detection and classification
compared to a model lacking ROI training. We substantiated this
claim by quantifying classification and detection accuracies for
each model. The superior performance of the ROI-trained model
in Table IV can be attributed to insights gained from Table III
and Fig. 4. Upon a careful examination of the data presented
in the second to fourth columns of Table III, it is evident that a
deep learning algorithm trained without ROI information is more
likely to incorporate irrelevant data into its decision-making
process. Consequently, the overall accuracy of models trained
with ROI information is higher, as they focus on the pertinent
region when making decisions.

To further corroborate this analysis, a comprehensive investi-
gation was undertaken to assess the ROI detection and result
classification. Tables IV, S-2, and S-3 show the outstanding
performance of Faster R-CNN and YOLOv2 in pinpointing the
correct ROIs, consequently leading to more precise classification
outcomes. Impressively, these models differ by only about 3-5%
in recognizing the critical regions. Nevertheless, upon inspect-
ing the original images in Figure S-4 (a)(c), a notable pattern
emerges. This indicates that ResNet-50, which was trained
without ROI information, sometimes excels in classification but
does not heavily depend on the actual ROIs. Instead, it leans
on non-nodule areas to make its decisions. This pattern also
manifests in Figure S-4 (c)(d), where ResNet-50, lacking ROI
information, consistently misclassifies images, resulting in a
decrease in overall accuracy.

A comprehensive analysis of Tables II, III, and IV demon-
strates that combining ResNet-50 with Faster R-CNN or
YOLOv2 and utilizing 2× 2 input structure yields superior per-
formance in both detection and classification compared to using
standalone ResNet-50. Furthermore, within each model, the 2×
2 input structure consistently outperforms other data configura-
tions (e.g., 1× 1 or 1× 2). For instance, Faster R-CNN achieved
the highest accuracy, specificity, and sensitivity values with the
2× 2 input structure, while YOLOv2 demonstrated the best
accuracy and sensitivity with the 2× 2 input structure, although
its specificity was slightly higher with the 1× 1 input structure,
as seen in Table IV. These findings show how effective this
structure is in capturing diverse ROIs and enhancing the repre-
sentation of important areas, ultimately improving performance.

While our initial hypothesis assumed that training with ROI
information alone would improve diagnostic performance, the
results revealed a more nuanced outcome. ROI guidance alone
did not consistently yield higher accuracy compared to baseline
CNNs which indicates that region-specific supervision, when
isolated from spatial context, may not fully leverage its po-
tential. However, when ROI information was integrated with
mosaic-based composite inputs, both detection and classification
performances improved markedly. This finding highlights that
ROI learning benefits most when combined with context-aware
input structures that preserve inter-regional relationships within
thyroid nodules.

These improvements are clinically meaningful, as more ac-
curate and spatially focused detection of thyroid nodules can

reduce false diagnoses and assist radiologists in confirming
lesion boundaries with higher confidence. Although the present
study was based on a single-institution dataset, the reproducible
framework and consistent trends across different architectures
suggest strong potential for generalization to multi-center clin-
ical settings.

However, when examining the training and testing time,
Faster R-CNN shows significantly lower efficiency. This indi-
cates that integrating YOLOv2 with ResNet-50 could be a more
effective approach for developing real-time, high-performance
models for medical imaging. Moreover, the improved classifi-
cation and detection performance observed with the integration
of YOLOv2 was also evident for GoogLeNet and Inception-
v3, as demonstrated in Tables S-4 and S-5 in the Appendix.
Nevertheless, not all CNN architectures perform equally well
when combined with YOLOv2. While many CNNs can be
integrated with YOLOv2, the resulting performance heavily de-
pends on their feature extraction capabilities and computational
efficiency. For instance, shallow networks like LeNet fail to
provide the high-level features required for detecting complex
objects, whereas extremely deep networks such as ResNet-101
or ResNet-152 are computationally expensive and therefore
unsuitable for real-time YOLOv2 applications.

V. LIMITATIONS OF THE STUDY

While this study presented that integrating radiologist-defined
ROI information and mosaic-based composite structures im-
proves diagnostic accuracy and localization performance, some
of the limitations should be acknowledged. First, the prolonged
training time required by the Faster R-CNN model led to notable
computational constraints. Second, ROI-guided improvements
were validated only within a specific set of network architec-
tures (ResNet-50, Faster R-CNN, and YOLOv2), and may not
generalize equally to other backbone models or detection frame-
works. Finally, all experiments were performed using data from
a single institution, and external validation with multi-center
datasets will be required to confirm generalizability and clinical
robustness. Future work will address these limitations by ex-
panding the dataset scope, exploring adaptive mosaic generation
strategies, and validating the proposed framework on additional
architectures.

VI. CONCLUSION

In this study, we conducted a comprehensive analysis of detec-
tion and classification performance, comparing CNN (ResNet-
50) with and without ROI recognition (Faster R-CNN and
YOLOv2). This allowed us to examine how the presence or
absence of ROI information impacted the results. Notably, the
classification performance of the model combining ResNet-
50 with detection models surpassed that of the conventional
ResNet-50 image classifier.

We evaluated three models: ResNet-50, ResNet-50 with
Faster R-CNN, and ResNet-50 with YOLOv2. The models
identified key regions, revealing differences in detecting
malignancies. ResNet-50, lacking specific region training,
often correctly identified malignant images but focused on
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areas distant from the actual nodule. In contrast, Faster R-CNN
and YOLOv2 enabled decisions over regions overlapping
radiologist-defined ROIs in over 96% of true positive cases,
emphasizing integration of radiologist expertise into CNNs
via ROIs. Support is found in other deep learning models (see
Supplementary Tables S-4 and S-5).

When benchmarked against recent studies from 2024–2025
(Supplementary Table S-6), our framework achieved compa-
rable or higher localization accuracy and interpretability de-
spite using a smaller, single-institution dataset. Whereas most
contemporary approaches such as multi-view YOLO models
[16], DETR variants [17], and either multimodal [18] or multi-
center frameworks [19] focus on expanding model architecture,
our work demonstrates a reproducible and explainable strategy
through ROI-guided and mosaic integrated learning.

Through results in Table IV, with insights from Table S-2, S-3,
and Figure S-3, we show that greater overlap between regions D
and R leads to improved diagnostic accuracy. This study shows
that combining ROI information, especially with advanced ar-
chitectures like Faster R-CNN and YOLOv2, delivers superior
medical imaging performance. Incorporating ROI information
in training is critically important for detection and classification,
and ROI-focused training with augmentation further enhances
diagnostic precision.

SUPPLEMENTARY MATERIALS

Supplementary Materials include detailed descriptions of re-
lated works (ResNet-50, Faster R-CNN, YOLOv2), extended
experimental data and preprocessing procedures, and descrip-
tions of detection and classification methods. Additional re-
sults are also provided, including algorithm speed analysis,
ROI detection evaluation, confusion matrices for each model,
training-validation curves of loss, accuracy, and RMSE, ablation
studies on ROI and mosaic integration, and per-class localization
statistics for true-positive and true-negative cases. Furthermore,
experiments with alternative CNN backbones (GoogLeNet and
Inception-v3) and a comparative literature review summarizing
recent 2024–2025 studies are presented (Table S-6).
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