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Abstract
Background/Purpose: Contrast-enhanced intraoperative ultrasonography (CE-
IOUS) is crucial for detecting colorectal liver metastases (CLM) during surgery. 
Although artificial intelligence shows potential in diagnostic systems, its applica-
tion in CE-IOUS is limited.
Methods: This study aimed to develop an automatic tumor detection model using 
Mask region-based convolutional neural network (Mask R-CNN) for CE-IOUS 
images. CE-IOUS videos of the CLM from 121 patients were collected, generat-
ing ground truth data. A total of 2659 images were obtained. Two models were 
developed: the basic recognition model (BRM), which was trained on CE-mode 
images, and the subtraction model (SM), which used images created by a subtrac-
tion algorithm that highlighted the differences in pixel values between the basic-
mode and CE-mode images. The subtraction algorithm focuses on echogenicity 
differences. These two models were combined into a combination model (CM), 
which assessed outcomes using the prediction probabilities from both models.
Results: The optimal epochs were determined by the maximum area under the 
curve (AUC), and the thresholds were calculated accordingly. BRM, SM, and CM 
achieved 89.4%, 86.6%, and 96.5% accuracy, respectively. CM outperformed the 
individual models, achieving an AUC of 0.99.
Conclusions: A novel automated recognition model was developed for accurate 
CLM detection in CE-IOUS by integrating image- and algorithm-based models.
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1   |   INTRODUCTION

Recent technical improvements in diagnostic modalities 
and surgical techniques have allowed aggressive resec-
tion of metastatic liver tumors. Colorectal liver metastases 
(CLM) are the most frequent metastatic liver tumors, and 
complete resection can improve the prognosis.

Intraoperative ultrasonography (IOUS) is an essen-
tial tool for detecting liver tumors during hepatectomy. 
In particular, contrast-enhanced IUOS (CE-IOUS) using 
perflubutane (Sonazoid; GE Healthcare, Oslo, Norway), 
which is a recent ultrasound contrast agent useful for 
minimally invasive tumor detection, is highly effective 
for diagnosing and identifying CLM during surgery.1 
However, accurate identification of lesions is sometimes 
difficult due to technical difficulties2 and difficulty in 
distinguishing between liver tumors and vascular ves-
sels. Moreover, due to its clinicopathological character-
istics, CLM often manifests as multiple lesions within 
the liver, making it challenging to detect all lesions thor-
oughly and within the limited time available in clinical 
practice.

In recent years, the use of artificial intelligence (AI) 
technology has led to the development of diagnostic 
support systems in various medical fields.3,4 Several AI 
models for liver tumor diagnosis have been reported, and 
lesions can be accurately detected by combining AI mod-
els.5–7 Previous studies have attempted to build better AI 
systems by adjusting various learning methods.

However, few studies have combined machine learning 
with algorithmic processing based on the characteristics 
of tumor images to improve the diagnostic performance. 
In addition, few reports exist on the application of AI sys-
tems in IOUS, especially CE-IOUS.

The purpose of this study was to apply AI to CE-IOUS 
images and develop an automatic recognition system for 
CLM. We not only used CE-IOUS images to learn tumor 
images but also combined algorithmic processing based 
on the characteristics of tumor images and machine 
learning. Subsequently, a predictive model that combined 
the results of the two different models was created using 
machine learning, and we compared the accuracy of both 
methods.

2   |   METHODS

2.1  |  Study design

Our purpose was to accurately identify the location of 
tumors in ultrasound images in real time. To achieve 
this, we created a model for tumor detection based on the 
mask region-based convolutional neural network (Mask 

R-CNN).8 Mask R-CNN is an object detection method 
((2018) FAIR's research platform for object detection 
research, implementing popular algorithms such as Mask 
R-CNN and RetinaNet.9: facebookresearch/Detection. 
Facebook Research) and a deep neural network was used 
for object segmentation. Mask R-CNN is a modified model 
based on the Faster R-CNN, which predicts the object's 
class, refines the bounding box, and creates a pixel-level 
mask for the object.10 Using Mask R-CNN, we created two 
different models; the two models were then integrated to 
improve the reliability of the predictions and reduce false 
detections.

2.2  |  Data collection and preparation

2.2.1  |  Collection of CE-IOUS videos 
for CLM

Liver resection for CLM performed at the University 
of Tokyo Hospital between January 2020 and August 
2022 were included. Surgical approaches included open, 
laparoscopic, and robotic-assisted resection. Cases of 
multiple tumors as well as single tumors were included in 
the analysis. This study was approved by the appropriate 
institutional review board of the Graduate School of 
Medicine and Faculty of Medicine, The University 
of Tokyo (no. 2019166NI) and informed consent was 
obtained in the form of opt-out on the website. In all 
cases, CE-IOUS was performed before hepatic resection 
to detect tumor location. To obtain contrast enhancement 
images, perflubutane (Sonazoid) was administered 
(0.5 mL intravenously). The mechanism of action of 
perflubutane in CE-IOUS is described in Supplementary 
Method 1—Data S1.

CLM detection was performed by comparing the B- 
and CE-mode images. Tumor screening was conducted 
10–15 min after perflubutane administration (Kupffer 
phase). The CE-IOUS images were preserved as videos.

2.2.2  |  Creation of ground truth data

In the collected CE-IOUS videos, tumors with 
characteristic ultrasound findings and pathologically 
confirmed CLM were used for training and testing. The 
ultrasound findings for CLM are shown in Figure 1a. A 
CLM is typically visualized as a hyperechoic nodule on 
a B-mode image and as a contrast defect on a CE-mode 
image.

First, the scenes in the CE-mode videos where the 
tumor appeared hypoechoic were selected and cropped as 
still images (Figure 1b, left). In order to develop a system 
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that could accurately respond to the differences in tumor 
localization, these images included various segments of 
the liver, deep and surface localization, proximity, and re-
moteness to blood vessels. These images that were missing 
or did not depict the entire tumor were excluded. Tumors 
in the still images in CE mode were labeled by surround-
ing them with dots and lines (Figure 1b, right). When mul-
tiple tumors were depicted on a single ultrasound screen, 
each tumor was labeled independently. The tumors were 
labeled by two experienced hepatobiliary and pancreatic 
surgeons (M.T and Y.M). These labeled images were di-
vided into typical images (tumor visible as a hypoechoic 
area) and atypical images (small tumors (<1 cm), tumors 
with unclear hypoechoic areas). These images were used 
in the training and test data as images of the tumors. Next, 
scenes from the CE-mode video that did not show the 

tumor were selected and cropped into still images. These 
were used in the test data without tumor images.

2.2.3  |  Creation of basic recognition model 
(BRM)

We constructed an object detection model for tumor 
identification using the CE-mode training images (right 
half of the ultrasound images) as the input data (Figure 2). 
The model employed a Mask R-CNN.8 For actual 
implementation, we used PyTorch 2.111,12 and performed 
transfer learning aimed at tumor detection using 
MaskRCNN_ResNet50_FPN_Weights.COCO_V1 was 
pretrained on the COCO dataset,13,14 available through 
the torchvision library.15 The training was performed with 

F I G U R E  1   Ultrasonographic findings of typical CLM and labeling of the tumor. (a) IOUS image (upper row) and schema (lower row) of 
the CLM (arrowhead) on B-mode- and CE-mode images. The tumor location is indicated by arrowheads. A CLM is typically visualized as a 
hyperechoic nodule in B mode and as a hypoechoic nodule in CE mode. (b) The tumors in the CE-mode image are labeled by enclosing the 
tumor with dots and lines. B mode, basic mode; CE mode, contrast-enhanced mode; CLM, colorectal liver metastasis; IOUS, intraoperative 
ultrasonography.

F I G U R E  2   Construction of BRM. The flow of constructing the BRM is shown in the schema. CLMs on the CE-mode images are labeled 
as the training data, and machine learning is then conducted using the labeled training images. AI, artificial intelligence; BRM, basic 
recognition model; CE mode, contrast-enhanced mode; CLM, colorectal liver metastases.
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settings that included a batch size of four, learning rate of 
0.001, 50 epochs, and the Adam optimizer.16 The training 
data were enhanced by applying random noise for data 
augmentation. Through this training, we developed a 
model capable of detecting tumors and estimating the 
mask regions of objects from images in the CE mode.

2.2.4  |  Creation of subtraction model (SM)

It is generally difficult to distinguish a longitudinally 
sliced Glissonian sheath from a small tumor on ultra-
sound images. In the B mode, the longitudinally sliced 

Glissonian sheath has a hypoechoic lumen and a hyper-
echoic perivascular area. The CLM has a hyperechoic 
interior and hypoechoic exterior. On the other hand, in 
the CE mode, the lumen of the Glissonian vessels is isoec-
hoic or slightly hyperechoic compared to the B mode due 
to microbubbles. This is in contrast to the inside of the 
tumor, which is hypoechoic in CE mode than in B mode 
(Figure 3a). Using this difference, an algorithm to distin-
guish between vessels and tumors was incorporated into 
the images before deep learning to increase the recogni-
tion rate of Glissonian sheaths and small tumors.

The B-mode and labeled CE-mode images were used 
to create the BRM. We created new images (subtraction 

F I G U R E  3   Construction of SM. (a) A comparison of the B- and CE-mode ultrasound images between the Glissonian sheath image 
(upper row) and CLM (lower row). The ultrasonographic intensities of the Glissonian sheath and CLM stratified by the inner and outer 
layers in B mode, CE mode, and subtraction images (CE–B) are shown in the table. (b) Creation of subtraction images. The B-mode and 
labeled CE-mode images were used to create subtraction images by subtracting the pixel values of the B-mode images from those of the 
CE-mode images. The most frequent pixel values from small circular areas for each coordinate i and j in the B- and CE-mode images were 
subtracted, and the resulting values were normalized for imaging purposes. (c) Construction of SM. The flow of constructing the SM is 
shown in the schema. CLMs on the subtracted images are labeled as the training data, and machine learning is then conducted using the 
labeled training images. B mode, basic mode; CE mode, contrast-enhanced mode; CLM, colorectal liver metastases; High, hyperechoic; Iso, 
isoechoic; Low, hypoechoic; SM, subtraction model; Sub, subtraction image.
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images) by subtracting the pixel values of the B-mode images 
from those of the CE-mode images (Figure 3b). Specifically, 
each coordinate i and j in the B- and CE-mode images were 
converted to grayscale, and a histogram was calculated for 
a small circular area with a radius of 10 pixels. The most 
frequent pixel values (Mode) were extracted from the two 
histograms for both Mode B-mode and Mode CE-mode. The sub-
traction image pixel value was determined by the difference 
between the most frequent colors in B and CE mode, that 
is, Mode CE-mode-Mode B-mode. Because the subtraction values 
range from −255 to 255, they were normalized to a range 
of 0–255 for imaging. This process was performed for each 
point by dividing the original images into segments, each 
with a width of 80 and a height of 120, resulting in a final 
subtraction image size of 80 pixels in width and 120 pixels 
in height. Labeling of the tumors in the subtraction images 
using the labeled areas in the CE mode and overlaying them 
on the subtraction images. The labeled subtraction images 
were used as training data, and the subtraction model (SM) 
was constructed in the same manner as the BRM (Figure 3c).

2.2.5  |  Creation of combination model (CM) 
based on results from BRM and SM

To further improve the tumor recognition performance, a 
new model was constructed by learning the results of the 
two models (Figure 4). First, output images were gener-
ated from the training images for each of the two mod-
els (BRM and SM). Subsequently, based on the predicted 

masked areas of tumors obtained from the two models, 
a model was developed to assess the reliability of the 
outcomes. The detailed algorithm for combining the 
BRM and SM is presented in Supplementary Method 2—
Data S1. For training, 140 atypical and 35 tumor-free im-
ages were used.

2.3  |  Evaluation of the three models

We assessed the performance of the three models for 
tumor detection. To achieve this, atypical tumor and 
tumor-free images were extracted from images of patients 
that were different from those used in the training data. 
First, these images were input into the BRM and SM for 
prediction, and the results were then used as input data 
for the CM to make decisions. Each model categorized the 
input data as either “tumor present” or “no tumor,” and 
these classifications were compared with the ground truth 
data. We quantitatively compared the performance to de-
termine whether the tumor was accurately identified in 
this flow (Figure 4).

2.4  |  Statistical analysis

The performance of the three models was evaluated using 
indices of accuracy, precision, recall, and F1-score. The 
recall was TP/ (TP + FN) (TP: true positive; FN: false nega-
tive). The F1-score is a metric that represents the harmonic 

F I G U R E  4   Constructing and 
implementing CM. The flow of 
construction and implementation of 
the combination model is shown in the 
schema, and the output images were 
generated from the training images for 
each BRM and SM. A combination model 
was developed using machine learning to 
evaluate the reliability of the outcomes 
using the results of BRM and SM. BRM, 
basic recognition model; CM, combination 
model; SM, subtraction model.
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mean of precision and recall, providing a balanced evalua-
tion of performance. This is beneficial for addressing class 
imbalances and is more reliable than accuracy because it 
considers both false positives and false negatives.

We analyzed the area under the receiver operating 
characteristic curve (AUROC) for each model. The accu-
racy, precision, recall, and F1-score were calculated using 
the optimum cutoff threshold derived from the area under 
the curve (AUC) analysis. The implementation was per-
formed using Python 3.11,17 and the evaluation calcula-
tions were performed using scikit learn 1.2.18,19

3   |   RESULTS

A total of 121 patients were suitable for our study 
(Figure  S1), and 2659 images containing tumors were 
extracted and labeled. We obtained 1786 typical images 
and 873 atypical images. Additionally, 478 images with-
out tumors were extracted and used. To create BRM and 
SM, 1270 images were randomly selected from typical 
images and used as training data (training images[1]). 
Subsequently, 90 images each from atypical tumors and 
tumor-free images were randomly extracted and used as 
test data (test images[1]). To compare the three models, 
175 images were used as training data (training images[2] ) 
and 180 images as test data (test images[2]). Training 
image contained 140 atypical tumor images and 35 tumor-
free images. Test images[2] contained 90 atypical tumor 
and 90 tumor-free images.

We identified the epochs wherein each model achieved 
its maximum AUC and then calculated the optimal 
thresholds within these epochs to ensure the best perfor-
mance. The BRM was trained for 50 epochs, with the best-
performing epoch selected from epoch 37. Similarly, the 
SM was trained for 50 epochs, and the model from epoch 
9 was selected. The CM was trained for 50 epochs, and the 
model from epoch 41 was selected (Figure S2). Accuracy 
and other indices were compared using each optimal 
threshold.

Figure  5a,b show the predicted masked regions of 
the BRM and SM on the actual ultrasound images. The 
masked region was superimposed onto the tumor image. 
Tumor recognition was good in both models on typical 
images, with accuracies of 89.4% for BRM and 86.6% for 
SM (Table 1). In some cases, the BRM misidentified the 
vessels as tumors (Figure 5c, upper row). In contrast, ves-
sels in the same locations were no longer identified by SM, 
and the true tumors were recognized (Figure  5c, lower 
row). However, even in cases where the tumor could be 
recognized by BRM (Figure  5d, upper row), SM some-
times failed to recognize tumors because of poor image 
generation of the liver parenchyma caused by ultrasound 

attenuation and varying levels of contrast enhancement 
(Figure 5d, lower row).

In CM, we combined these two models to create a new 
tumor recognition model; tumors that were difficult to 
recognize by either BRM or CM could be detected by CM 
(Figure 5c,d, right). The accuracy of CM was 96.5%, which 
was higher than those of BRM and CM. The AUROC for 
BRM, SM, and CM are shown in Figure 6a: AUROC 0.94 
for BRM, Figure 6b: 0.92 for SM, and Figure 6c: 0.99 for 
CM.

Three models were applied to the intraoperative ultra-
sonography video to display the masked areas (Figure S). 
The red masked areas indicate the areas recognized as tu-
mors by BRM, green by SM, and blue by CM. In the BRM 
(red), the Glissonian sheath in the deep area was misiden-
tified as a tumor. The tumor area is widely masked in the 
SM (green). In contrast, in the CM (blue), the true tumor 
area was masked without excess or deficiency.

4   |   DISCUSSION

This study aimed to develop a system for the automatic 
detection of CLM using CE-IOUS. We developed three 
different models (BRM, SM, and CM) that accurately de-
tected CLM and displayed mask regions overlapping the 
tumors. Our method is novel in two respects. First, we 
used an algorithm to create a subtraction image by focus-
ing on the difference in pixel values between the tumor 
and vessels prior to machine learning, to easily differenti-
ate between the tumor and vessels. There are no previous 
reports incorporating the act of comparing pixel values on 
the ultrasound screen (something examiners do uncon-
sciously) into an algorithm, and we successfully identified 
tumors that image learning alone could not detect. Second, 
we improved accuracy by integrating two tumor recogni-
tion models with different characteristics using machine 
learning. We found that models based solely on image 
learning and those incorporating algorithms exhibited 
different strengths and weaknesses in tumor recognition. 
Therefore, by combining these two models and further 
training them, we successfully constructed a model with 
a performance surpassing that of the individual models.

Computed tomography (CT), magnetic resonance imag-
ing (MRI), and ultrasonography (US) are commonly used 
in clinical practice to screen and diagnose liver tumors. 
Advances in preoperative imaging modalities and surgi-
cal techniques have improved CLM resection rates, with 
5-year survival rates after liver resection reported as 32%–
58%.20–22 Since the only treatment with the best chance of 
cure for CLM is complete resection of the lesions,23 ac-
curate pre- and intraoperative identification of the num-
ber and location of lesions is essential. The accuracy of 
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CE-IOUS (96%–97%) surpasses that of CT (72%–81%) and 
is comparable to that of MRI (73%–97%),24–26 making it 
crucial for real-time identification during surgery as it can 
be used intraoperatively.1 However, CEUS depends on the 
examiner's skill and experience such as extracorporeal 
US,2 and is even more challenging, as it requires compar-
ing two screens simultaneously, which can lead to vari-
ability and challenges for less experienced practitioners.

In this study, we utilized artificial intelligence (AI) to 
support the detection of CLM in CE-IOUS and developed 
an automatic tumor recognition system that does not rely 
on the examiner's expertise, with an accuracy of 96.5% and 
precision of 98.9%, comparable to MRI or CE-IOUS inter-
preted by experts. Our system could improve the intraop-
erative CLM detection rates, promote complete resection 
of metastases, and increase the chances of cure, as it can 
deliver consistently high accuracy regardless of who per-
forms the examination. Furthermore, when this system is 
introduced into clinical practice, no preoperative prepara-
tion is required. When a laptop computer equipped with 
this system (application) is connected to the ultrasound 
system, real-time analysis is performed, and the processed 
images are displayed on the monitor. The system can also 

be set to sound an alert when a tumor is detected, allowing 
the examiner to make a diagnosis while viewing the mon-
itor displaying the ultrasound images.

CEUS is useful for real-time spatial resolution and can 
detect smaller CLM lesions than can IOUS.27 In fact, the 
diagnostic ability of CT and MRI decreases for smaller 
lesions, but CE-IOUS can detect lesions <5 mm, making 
it the final imaging modality for determining whether tu-
mors can be resected.28 However, even with CEUS, the 
detection of small CLM is sometimes difficult because 
of their atypical US imaging features,29 making it diffi-
cult to differentiate them from vessels. Especially, the 
Glissonian sheath can appear as a circular hypoechoic 
area with a surrounding hyperechoic area when scanned 
transversely, potentially being mistaken for small hy-
poechoic tumors.

We developed an algorithm focusing on the difference 
in pixel values of the CLM between the B and CE mode. 
The echogenicity of the tumors and Glisson's sheath un-
dergoes inverse changes before and after perflubutane 
injection. This inverse echogenicity change was used to 
create a subtraction image by subtracting the pixel val-
ues from the CE mode to the B mode; these data were 

Accuracy Precision Recall
F1 
score

Optimal 
threshold AUROC

BRM 0.894 0.912 0.922 0.917 0.700 0.94

SM 0.866 0.882 0.911 0.896 0.638 0.92

CM 0.965 0.989 0.956 0.972 0.320 0.99

Abbreviations: AUROC, area under the receiver operating characteristic curve; BRM, basic recognition 
model; CM, combination model; SM, subtraction model.

T A B L E  1   Comparison of three 
models.

F I G U R E  6   Comparison of the areas under the receiver operating characteristic curve. (a) BRM (b) SM and (c) CM. BRM, basic 
recognition model; CM, combination model; ROC, receiver operating characteristic curve; SM, subtraction model.

F I G U R E  5   The typical images showing the predicted masked regions of BRM and SM. The regions predicted by BRM (a) and SM (b) 
were overlaid onto the tumor images. In small CLM, BRM sometimes misidentifies tumors while SM correctly identifies them (c). SM 
sometimes fails to recognize tumors owing to poor image generation, whereas BRM can detect them (d). In both cases, CM successfully 
detected tumors that were challenging to detect using either BRM or SM alone (c, d, right). BRM, basic recognition model; CM, combination 
model; SM, subtraction model.
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used to build the SM. The developed SM showed good 
accuracy (86.6%) and was effective in distinguishing be-
tween small tumors and vessel cross sections. The ability 
to quantify changes in echogenicity (pixel values) helped 
to objectively identify tumors within the ultrasound im-
ages. The method used to subtract the pixel values and 
incorporate them into the algorithm has not yet been 
used in the field of CE-IOUS. Although this concept is 
simple, it is effective in differentiating between tumors 
and vessels. In practice, SM can exclude vessels and de-
tect tumors in images where BRM misidentifies trans-
verse images of vessels as lesions, making it difficult 
to detect small lesions. However, there are a few con-
ditions where generating a suitable subtraction image 
is challenging due to liver parenchymal contrast or ul-
trasound attenuation, making tumor detection with SM 
not always straightforward. Considering these factors, 
we attempted to build a highly accurate model by learn-
ing from the prediction results of each model, which 
resulted in constructing the CM. The constructed CM 
had better accuracy (96.5%) than the two models alone, 
demonstrating that integrating the two models allowed 
us to build a highly accurate system. Machine learning 
with AI is a useful tool. However, it has the drawback 
of being a black box, making it difficult to identify the 
causes of unintended results. To overcome this problem, 
machine learning with AI must identify specific features 
of the desired outcome and guide the learning process 
using algorithms. Additionally, the approach of con-
structing a system in multiple directions and combining 
them for the final discrimination is effective for improv-
ing the quality of discrimination systems using machine 
learning.

Recently, AI applications in the medical field have been 
remarkable, spanning various areas. Many technologies 
have been commercialized and used as support systems. 
While US tends to rely on the examiner's skill and experi-
ence, AI suggests that screening accuracy can be improved 
by reducing human errors.30 Although the field of liver US 
is not commercialized, numerous models exist to diagnose 
liver tumors.5,6 A previous study classified liver lesions 
using AI in IOUS, including CLM, with 74.6% accuracy 
and 80.2% AUC. However, for lesions <3 cm, the accuracy 
dropped to 65.2%, and the AUC dropped to 67.6%, indicat-
ing challenges in evaluating small lesions.7

Previous studies on US images and AI primarily fo-
cused on the diagnosis of detected lesions. However, there 
is little research regarding accurate tumor detection using 
US. Particularly in CLM, real-time lesion detection during 
surgery is important to achieve complete and exact resec-
tion. To our knowledge, there are no reports evaluating the 
accuracy of automatic detection using IOUS, including 
small lesions. We developed a system to accurately detect 

and display small CLM lesions during IOUS, including 
small lesions <2 cm. The system achieved detection ac-
curacy of 96.5% and detection precision of 98.9% with an 
AUC of 0.99 for lesions including under 2 cm. Basically, 
the diagnosis of CLM is possible using B- and CE-mode 
US. However, accurate diagnosis without missing any tu-
mors requires skill and experience. In addition, in difficult 
cases such as multiple lesions, small lesions, or proxim-
ity to vascular vessels, accurate diagnosis may be difficult 
and time consuming even for skilled operators. Our sys-
tem can diagnose such difficult cases with an accuracy of 
96.5%, which is close to that of experts, and is useful for 
supporting diagnosis and reducing screening time. It also 
has advantages when used by novice users who are not 
familiar with CLM diagnosis using CE-IOUS.

This study had some limitations. First, as a characteris-
tic issue of AI, it cannot explain why a tumor is detected, 
lacking the ability to provide a rationale for its judgments.

Second, as this study was conducted at a single insti-
tution, there was a potential bias in that CE-IOUS im-
ages were collected by surgeons from a single facility. 
Our method required ultrasonographic images with good 
tumor visualization. Tumors are difficult to detect in cases 
of deep locations within the liver or fatty liver because 
of significant ultrasound attenuation in the background 
liver. Further studies are required to detect tumors in such 
cases.

Third, we did not specifically analyze the differences in 
accuracy based on tumor localization such as the liver seg-
ment, deep and surface localization, and proximity, and 
remoteness to blood vessels. Instead, we analyzed images 
that included a variety of tumor locations to build a com-
prehensive diagnostic system. Future studies would be 
required to further evaluate the impact of tumor localiza-
tion on system performance. Additionally, we did not spe-
cifically compare the differences in surgical approaches 
including open, laparoscopic, and robot-assisted resection 
in this study. However, the analyzed images included all 
types of surgical approaches and were used equally in 
both training and test data sets. As long as B- and CE-
mode images can be acquired through IOUS, our system 
would be theoretically applicable regardless of the surgi-
cal approach. Future studies would be needed to evaluate 
the difference in surgical approaches.

Finally, this study focused on the identification of 
CLM, and thus, it is unclear whether it can be applied 
to other intrahepatic neoplastic lesions. Our system is 
designed to effectively detect tumors with contrast dif-
ferences between B- and CE-mode images. From this 
perspective, since ICC and HCC have been reported to 
exhibit similar enhancement patterns to CLM, our sys-
tem potentially has utility in differentiating these le-
sions. However, our system may not be effective for liver 
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abscess because abscess show different enhancement 
patterns from CLM. Future studies would be needed to 
evaluate the efficacy of our system for other intrahepatic 
lesions.

In conclusion, we successfully constructed a model to 
automatically detect CLM, including small lesions, with 
high precision using CE-IOUS. By integrating a model 
trained on CE-IOUS images containing CLM and a model 
constructed through image processing using pixel-value 
algorithms, we achieved improved detection accuracy.
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