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Abstract

:

We investigated whether radiomics of computed tomography (CT) image data enables the differentiation of bone metastases not visible on CT from unaffected bone, using pathologically confirmed bone metastasis as the reference standard, in patients with gastric cancer. In this retrospective study, 96 patients (mean age, 58.4 ± 13.3 years; range, 28–85 years) with pathologically confirmed bone metastasis in iliac bones were included. The dataset was categorized into three feature sets: (1) mean and standard deviation values of attenuation in the region of interest (ROI), (2) radiomic features extracted from the same ROI, and (3) combined features of (1) and (2). Five machine learning models were developed and evaluated using these feature sets, and their predictive performance was assessed. The predictive performance of the best-performing model in the test set (based on the area under the curve [AUC] value) was validated in the external validation group. A Random Forest classifier applied to the combined radiomics and attenuation dataset achieved the highest performance in predicting bone marrow metastasis in patients with gastric cancer (AUC, 0.96), outperforming models using only radiomics or attenuation datasets. Even in the pathology-positive CT-negative group, the model demonstrated the best performance (AUC, 0.93). The model’s performance was validated both internally and with an external validation cohort, consistently demonstrating excellent predictive accuracy. Radiomic features derived from CT images can serve as effective imaging biomarkers for predicting bone marrow metastasis in patients with gastric cancer. These findings indicate promising potential for their clinical utility in diagnosing and predicting bone marrow metastasis through routine evaluation of abdominopelvic CT images during follow-up.






Keywords:


gastric cancer; computed tomography; radiomics; machine learning; bone marrow metastasis; micrometastasis












1. Introduction


Gastric cancer is a significant contributor to cancer-related mortality worldwide [1]. The incidence of gastric cancer is influenced by the complex interplay between genetics, environment, lifestyle, and dietary habits [2]. Clinically, gastric cancer often presents as a silent and asymptomatic disease in its early stages, contributing to late-stage diagnosis and poor prognosis.



Gastric cancer can metastasize to distant sites, mainly the liver and lungs [3,4]. The skeletal system is also commonly affected. Although some studies report the incidence of bone metastasis in gastric cancer to be approximately only 0.9–2.1% [5], the clinical diagnosis of metastasis may be underdiagnosed, as autopsy findings reveal a higher frequency in the range of 13.4–15.9% [6]. This suggests that bone metastasis may be more common than clinically diagnosed. Furthermore, bone metastases in gastric cancer are associated with poor prognosis [7,8]. The median survival time of patients with gastric cancer and bone metastasis is 3–4 months after the detection of bone metastasis [9]. Consequently, metastatic gastric cancer, particularly in patients with advanced bone marrow metastases, remains a significant therapeutic challenge for medical oncologists because of its association with advanced disease progression [10]. From the perspective of the patient’s quality of life, bone metastasis can cause intractable pain, making early diagnosis and appropriate treatment essential for patients with bone metastases [5]. Therefore, an accurate and timely diagnosis is crucial for guiding treatment decisions and implementing interventions to alleviate symptoms and improve the patient’s overall life quality.



The diagnosis of bone metastasis in gastric cancer typically involves imaging studies such as computed tomography (CT), magnetic resonance imaging (MRI), whole-body bone scans (WBBS), positron emission tomography (PET)-CT, and PET-MRI. Bone-specific markers, such as alkaline phosphatase, may also be elevated in the presence of bone metastases [11]. Among these, abdominopelvic CT (APCT) has been the most commonly used imaging technique since the initial diagnostic workup stage of gastric cancer [12] and can serve as a valuable and widely accessible imaging modality for screening the axial skeleton in these patients [13]. However, CT imaging frequently detects bone metastases in late stages, which are associated with poor outcomes. Furthermore, CT has limitations in identifying small bone metastases in the absence of obvious pathological alterations in the osseous structure; if detected, the imaging findings may be extremely subtle, limiting the certainty of a diagnosis [14]. Owing to these occult initial clinical manifestations, bone metastases can easily be missed or misdiagnosed, potentially increasing the mortality rate [15]. In some advanced cancers, advanced bone metastases reportedly appear before the primary tumor site [16]. The various presentations of bone metastases often fail to reflect the diversity of tumor biology, resulting in a delay in identifying treatment resistance and the chance to make therapeutic modifications [17]. Although advanced imaging methods, including PET-CT and PET-MRI, generally show improvements in diagnostic accuracy for the detection of metastases over conventional CT [18], with the ability to quantify biological processes related to the bone microenvironment and tumor cellularity [19], they are not feasible for continuous regular follow-up examinations from early to late stages in patients with gastric cancer.



For the early diagnosis of bone marrow metastasis prior to gross detection on imaging, clinicians have alternatively performed bone marrow studies on both iliac bones. This has been applied mostly to patients with gastric cancer who have not been previously diagnosed with bone metastasis but present with signs of thrombocytopenia during follow-up, based on the fact that bone marrow infiltration of cancer cells leads to bone marrow structural destruction and hematopoietic dysfunction [20]. However, bone marrow studies are highly invasive compared with imaging techniques and can cause considerable discomfort to the patient. Given that bone metastasis can affect the hematopoietic system before significant changes appear on imaging, this study focused on developing a more sensitive and effective method for diagnosing bone metastasis using APCT, which is the most widely used imaging modality for patients with gastric cancer.



Recent studies have investigated CT radiomics by leveraging texture features [21,22,23]. CT texture analysis provides an objective evaluation by quantifying data that capture information related to lesion attenuation and texture in images, representing tissue heterogeneity, which is often not visible to the naked eye [21]. This has prompted efforts to improve reproducibility, driven by advancements in machine learning and a substantial increase in computational power [22], which have propelled the clinical field of radiomics in recent years [23]. The principle of radiomics involves extracting high-dimensional data from radiological images and analyzing various classes of radiomic features to aid clinical decision making and overcome the constraints of visual interpretation. This approach has the potential to detect pathological findings even in the absence of visible abnormalities [24,25,26,27], maximizing the information obtained from clinical images. By analyzing quantitative information that cannot be visually assessed, radiomics enhances diagnosis and prognostic prediction without the need for further image acquisition [28,29].



To the best of our knowledge, no previous study has evaluated bone metastases and micrometastases using CT-based radiomics in patients with gastric cancer. We hypothesized that the application of CT-based radiomics to bone metastases from gastric cancer may reveal important imaging information that cannot be visually detected by the human eye. Therefore, this study aimed to evaluate the possibility of using CT radiomics as a quantitative imaging biomarker to detect the presence or absence of bone metastasis in patients with gastric cancer.




2. Materials and Methods


2.1. Patient Selection


This retrospective study was approved by the Institutional Review Board of our hospital, which waived the requirement for informed consent. We searched our picture archiving and communication system-electronic medical record (PACS-EMR) hospital information system to identify patients who met the following inclusion criteria: (1) patients aged ≥ 18 years who had pathologically confirmed gastric cancer at our cancer center from June 2005 to July 2022; (2) patients not diagnosed with bone metastasis by bone biopsy prior to bone marrow studies; (3) patients with thrombocytopenia (cutoff, <150,000/μL) during the follow-up period for gastric cancer who had a pathological diagnostic record of bone metastasis based on blind bone marrow aspiration/biopsy of the iliac bones; and (4) patients with contrast-enhanced APCT image acquisition prior to bone marrow aspiration/biopsy. A total of 173 patients were included in this study. We refined the patient population according to the following exclusion criteria: (1) patients with double primary cancer (n = 4; with renal cell carcinoma, hepatocellular carcinoma, small cell lung cancer, and esophageal cancer, respectively); (2) patients whose gastric lesion was not adenocarcinoma (n = 25; gastrointestinal stromal tumor, neuroendocrine tumor, or hematologic malignancy); (3) patients pathologically diagnosed with bone metastasis before performing a bone marrow study owing to thrombocytopenia (n = 20); (4) patients who did not meet the criteria for thrombocytopenia at the time of bone marrow aspiration (n = 25); (5) patient without valid bone marrow aspiration/biopsy results (n = 1); (6) patients with only non-contrast CT (n = 1); and (7) patients without possible CT segmentation due to severe artifacts (n = 1). Finally, 96 patients were included. We collected clinical information, including age at the time of gastric cancer diagnosis, platelet count and date, date of CT scan prior to the bone marrow study, date of the bone marrow study, and corresponding pathologic results.



In addition to this study population, this study also included 14 patients who met the inclusion criteria between September 2022 and August 2023 as the temporal external validation group. A summary of the patient selection process is shown in Figure 1.




2.2. Tissue Sampling and Pathologic Confirmation


The indication for a bone marrow study was thrombocytopenia in patients with gastric cancer with a decrease in platelet count to <150,000/μL following gastrectomy and chemotherapy. Bone marrow aspiration/biopsy was performed with a single-use bone marrow aspiration needle (Allegiance Healthcare Corporation, Naperville, IL, USA) under local anesthesia. A single bone marrow aspirate was obtained from the posterior iliac crest before tumor manipulation. Ten milliliters of bone marrow were aspirated into a syringe containing 2500 IU of heparin and added to 10 mL of phosphate-buffered saline to prepare the cytospins. Hematoxylin-eosin, Giemsa, and reticulin staining were routinely performed on each slide in the pathology department. To verify the presence of tumor cells, immunohistochemical staining was performed when it was difficult to differentiate atypical cells from reactive cells.




2.3. Assessment of APCT Images


The APCTs of these patients were reviewed by two fellowship-trained board-certified radiologists with 6–18 years of experience. On APCT, if at least one suspicious osteolytic or sclerotic lesion was identified when two or three planes were reviewed, it was marked as suspicious; otherwise, it was considered negative. In the assessment of APCTs, two radiologists independently assessed the skeletal system. In cases where they provided discordant evaluations, lesions were reviewed through additional consensus processes.



Resulting from this process, 28 patients with both suspicious features on CT and biopsy-confirmed metastases, 12 with no suspicious features on CT but biopsy-confirmed metastasis, 13 with suspicious features on CT but normal bone marrow on biopsy, and 43 with no suspicious features on CT and normal bone marrow on biopsy were identified.




2.4. Region of Interest (ROI) Segmentation, Preprocessing, and Radiomic Feature Extraction


ROI segmentation was performed in a manual drawing with an area of 100 mm2 within the right iliac bone on contrast-enhanced axial APCT scans, corresponding to the same location where the bone marrow aspiration/biopsy was performed (Figure 2).



All images were preprocessed with normalization and resampling to prepare the images for radiomic analysis: (1) For the segmented ROIs, attenuation normalization was performed in a nonlinear manner into standardized intensity ranges for all subjects. (2) CT images were resampled with 1 mm pixel resampling.



The image dataset was read and transferred into MATLAB (MathWorks, Natick, MA, USA) format using in-house codes. For radiomic feature extraction, radiomic features were extracted from all of the CT images using MATLAB radiomics (https://github.com/mvallieres/radiomics accessed on 11 June 2024) [30]. All available first order features, shape features, gray-level co-occurrence matrix (GLCM) features, gray-level size zone matrix (GLSZM) features, gray-level run length matrix (GLRLM) features, neighborhood gray-tone difference matrix (NGTDM) features, and gray-level dependence matrix (GLDM) features were calculated.




2.5. Feature Categorization and Dimension Reduction


As mentioned previously, ROIs were drawn with a constant size in the posterior iliac spine, where bone marrow studies are typically performed. Therefore, diagnostic and shape features were excluded from the radiomic texture features. Accordingly, 43 radiomic texture features were extracted from each ROI. Additionally, the mean and standard deviation of the CT attenuation values (HU) within the ROI, which are conventionally obtained from CT scans, were selected as another set of variables. Finally, the overall CT features were divided into three feature sets: (1) mean and standard deviation values of attenuation in the ROI, (2) radiomic features extracted from the same ROI, and (3) combined features, which considered both CT features from the (1) mean and standard deviation, and (2) radiomic features.



The scikit-learn library in Python 3.11 (Python Software Foundation, Wilmington, DE, USA) was used for data handling, including the key feature selection process for radiomic features. To accurately assess the predictive power of each feature set while addressing potential issues from high-dimensional data, three different model types were developed based on the number of features selected using the Random Forest (RF) algorithm, including the top 10, 20, and 30 features. In addition, a fourth model type was developed that included all of the available features without any feature selection process. This approach resulted in 12 model types (three feature sets × four feature selection variations) that were compared to evaluate the impact of feature set composition on model performance. By systematically comparing models with varying numbers of selected features, we aimed to identify the most informative feature sets and the optimal number of features required for the accurate prediction of bone marrow metastasis in a clinical setting.




2.6. Development of Bone Marrow Metastasis Prediction Model


Based on the selected key features, five machine learning algorithms were developed: the K-Nearest Neighbor model, Decision Tree classifier, AdaBoost classifier, RF classifier, and Gradient-Boosting Machine. These algorithms were selected to represent a diverse range of machine learning techniques, each with its own strengths and weaknesses in capturing different aspects of the data. By employing multiple algorithms, we aimed to assess the overall performance of each feature set combination, rather than relying on the potential biases or limitations of a single algorithm.



The dataset was split into training and test sets, with 60% of the data used for training and the remaining 40% used for testing. This split was performed using stratified sampling based on the presence of bone metastasis in pathology and the presence of suspicious features on CT. During training, a stratified fivefold cross-validation approach was applied, maintaining the same stratification strategy. This process involved partitioning the training data into five equal-sized folds, with each fold serving as a validation set once while the model was trained on the remaining four folds. The optimal model and its hyperparameters were selected based on the area under the curve (AUC) of the receiver operating characteristic (ROC) curve, representing the true positive rate (sensitivity) plotted against the false positive rate (1—specificity) [31], which measured the model’s ability to predict bone marrow metastasis in patients with gastric cancer.



The performance of each trained model was evaluated on an independent test set using metrics such as the accuracy, precision, recall (sensitivity), F1-score, specificity, and AUC value, using a standard threshold of 0.5 for consistency and simplicity [32]. Accuracy indicates the overall correctness, precision (positive predictive value) is the ratio of true positives to total positive predictions, and recall is the ratio of true positives to actual positives. The F1-score, which is the harmonic mean of precision and recall, provides a balanced performance measure. Specificity is the ratio of true negatives to actual negatives, and AUC values provide discriminative power (range, 0.5–1.0). These metrics allowed for a comprehensive comparison of the predictive performance across different feature sets and model types, providing valuable insight into their potential for predicting bone marrow metastasis in patients with gastric cancer. The best-performing model in the test set was selected based on its AUC value.




2.7. Assessment of Bone Marrow Metastasis Prediction Model Performance with the External Validation Group


We validated the predictive performance of the best-performing model developed for the external validation group. Similarly, after calculating the accuracy, precision, recall (sensitivity), F1-score, specificity, and AUC, the predictive performance of the model was evaluated using the AUC of the ROC curve.




2.8. Statistical Analysis


Statistical analyses of clinical factors, including patient age at the time of gastric cancer diagnosis, platelet count, interval from diagnosis to bone marrow study, interval from CT scan to bone marrow study, and interval from platelet counting to bone marrow study, which are continuous variables, are expressed as means and standard deviations. Statistical significance was accepted when p-values were <0.05.





3. Results


3.1. Patient Characteristics


This study was conducted with contrast-enhanced APCT images taken prior to a bone marrow study in 96 patients (mean age, 58.4 ± 13.3 years; range, 28–85 years) with gastric cancer whose bone marrow pathology was confirmed through bone marrow aspiration/biopsy. Based on the pathologic results, which were the ground truth of the study, and APCT bone metastasis readings, which were assessed by two musculoskeletal radiologists, the patients were divided into four groups. Among the patients, 28 (29.2%) were pathology-positive (pathologically confirmed bone metastases) and CT-positive (presence of suspicious bone metastases on CT), 12 (12.5%) were pathology-positive and CT-negative (absence of suspicious bone metastases on CT), 13 (13.5%) were pathology-negative (absence of bone metastases confirmed by biopsy) and CT-positive, and 43 (44.8%) were pathology-negative and CT-negative. Table 1 presents the characteristics of the study population.




3.2. Diagnostic Performance of the Bone Marrow Metastasis Prediction Models


3.2.1. In the Entire Patient Population


Table S1 shows the diagnostic performance of bone marrow metastasis prediction for the five machine learning models in the entire patient population across the radiomics, attenuation, and radiomics + attenuation datasets with four key feature selection levels. The overall performance of the models showed a clear trend in the order: radiomics + attenuation > attenuation > radiomics datasets. The best-performing model for bone marrow metastasis prediction was the RF classifier applied to the radiomics (including all 43 features) + attenuation model, achieving the highest performance, with an AUC of 0.96. The performance of the optimal models using the attenuation model and the radiomics model alone were not comparable to that of the radiomics + attenuation model, with AUC values of 0.91 and 0.78, respectively. The AUC, accuracy, sensitivity, specificity, precision, and F1-score values for each optimal model are presented in Table 2, and the ROC curves and AUC values are presented in Figure 3. Representative cases with CT images are presented in Figure 4.




3.2.2. In the Pathology-Positive CT-Negative Group


In clinical practice, when patients with gastric cancer show equivocal signs of bone metastasis but recent CT scans do not reveal any suspicious features, the decision-making process to perform a bone marrow study becomes challenging, especially if the patient’s general condition has significantly deteriorated. In this light, we checked the performance of the bone marrow metastasis model, paying special attention to the pathology-positive CT-negative group, and the overall values are presented in Table S2. In the pathology-positive CT-negative group, the same trend appeared in the order of the radiomics + attenuation dataset, attenuation dataset, and radiomics dataset as the model performance in the entire patient group. For the optimal models, the performance differences between the radiomics + attenuation, attenuation, and radiomics datasets were more significant, with AUC values of 0.93, 0.80, and 0.66, respectively. The AUC, accuracy, sensitivity, specificity, precision, and F1-score values for each optimal model in the pathology-positive CT-negative group are presented in Table 3, and the ROC curves and AUC values are shown in Figure 5.




3.2.3. In the External Validation Cohort


External validation was performed to ensure that the results obtained from the test set after training were applicable to other cohorts. As previously mentioned, we evaluated the performance of our proposed best-performing model in an additional group of 14 patients who met the inclusion criteria. The AUC, accuracy, sensitivity, specificity, precision, and F1-score values are presented in Table 4, along with a comparison with the internal validation cohort. The ROC curves and AUC values are shown in Figure 6. Here, we were able to confirm the excellent performance of our proposed best-performing model, with an AUC value of 0.96, which was consistent with the results from the internal validation cohort.






4. Discussion


Gastric cancer is a common cancer, predominantly in Asia. In Korea and Japan, it ranks fourth in overall cancer incidence and mortality rates. As mentioned previously, bone metastasis is one of the most common metastatic sites in patients with gastric cancer and can appear as metastatic lesions years after cancer treatment, making it a challenging issue in terms of treatment and prognosis. Therefore, several studies have been conducted to detect bone metastases in patients with gastric cancer during follow-up screening periods before symptoms such as severe pain caused by multiple bone metastases become evident. One such method in clinical practice is to perform a blind bone marrow study on the iliac bone when thrombocytopenia is observed during complete blood count follow-up. However, despite the rationale that cancer cell infiltration into the bone marrow can disrupt the marrow structure and cause hematological changes, the true predictive power of invasive bone marrow studies has been relatively low. In the approximately 17 years of patient data included in this study, it was found that out of 96 patients, 41 (42.7%) had bone metastases at the time of the bone marrow study. This indicated that the probability of detecting bone metastasis was less than half. Given this clinical background, this study focused on bone marrow metastasis in patients with gastric cancer.



For patients with gastric cancer, routine follow-up often involves APCT as a standard imaging modality. CT is a cost-effective, readily available, and time-efficient imaging modality. In addition to evaluating the operative site and lymph nodes, it can also be used to assess bone metastasis. However, its sensitivity and specificity for detecting bone metastases are not as high as in identifying marrow lesions. Therefore, alternative imaging modalities, such as PET-CT or MRI, are required. Nevertheless, the implementation of CT-based radiomics demonstrates overall high diagnostic accuracy, revealing image information that may not be discernible through visual readings by radiologists. Therefore, we aimed to effectively diagnose bone metastases in patients with gastric cancer using APCT. Specifically, we sought to devise a method for detecting invisible micrometastases, not only when suspicious osteolytic or sclerotic bone lesions are visible but also when they are not. Accordingly, this study was conducted by leveraging the potential of CT radiomics to analyze invisible texture features in imaging examinations.



Radiomic analysis can reflect tumor pathophysiology based on image-extracted information [33,34,35]. In musculoskeletal radiology, radiomics has been applied for differentiating benign and malignant tumors [36,37,38], tumor grade prediction [33,39,40,41], survival analysis [42], and treatment response [43]. In this study, we applied CT radiomic features, conventional CT attenuation (HU), and datasets combining various machine learning models. We identified an optimal model for diagnosing bone metastases using APCT. A model with high diagnostic performance for bone metastasis in the entire study population, achieving an AUC value of 0.96, was developed using only APCT without any other clinical information. This model utilized a dataset that combined conventional attenuation values and radiomic features. Additionally, we developed a sophisticated machine learning model with high diagnostic performance, achieving an AUC value of 0.93, by separately evaluating a group of patients with lesions that were invisible on CT but confirmed as metastases through bone marrow pathology, which is nearly impossible to detect with the human eye. Our proof-of-concept study shows promising results for radiomics applied to CT images for differentiating between bone metastases and metastasis-free bone in patients with gastric cancer. Importantly, radiomics enables this differentiation in a quantitative manner using CT images, showing only discrete abnormalities. Future advances include fully automatic bone segmentation frameworks for all patients with newly diagnosed gastric cancer, followed by the use of a radiomics classifier, allowing for an opportunistic screening-like approach for the early detection of bone metastases.



Bone marrow metastasis has a profound effect on the prognosis and treatment of patients with advanced-stage cancer [44]. Radiological examinations using CT, MRI, and PET-CT are the most commonly used noninvasive methods for diagnosing bone marrow metastases in cancer; however, bone metastases from malignancy may still be missed [45]. One of the main purposes of our study was to address the diagnostic and clinical dilemma of frequently missing metastatic bone disease on CT, which can only be detected with additional information from PET-CT imaging owing to the lack of morphological changes. It can be assumed that the human eye (without metabolic information) is not able to detect these relatively small lesions with no or subtle morphologic changes. In addition to the early detection of metastatic bone disease, timely and accurate prediction of bone metastases and identification of patients at high risk of bone metastases are highly desirable and could allow for the selection of patients most likely to benefit from targeted therapy. Recently, Wang et al. [32] developed and validated an MRI-based radiomics model for the individualized pretreatment prediction of bone metastases in patients with prostate cancer. We believe that the results of our study could add incremental value to diagnostic and treatment strategies, especially in patients with a high probability of bone metastasis, according to the aforementioned MRI-based radiomics nomogram [25] and microvessel density correlation [46]. Our study is a pioneering one that devised a method to predict bone metastasis on follow-up CT scans without performing additional invasive bone marrow studies or time-consuming and costly tests such as MRI, WBBS, or PET-CT/MRI to confirm further pathophysiology.



Our study has some limitations. First, the retrospective study design has inherent drawbacks, as only patients having gastric cancer with pathologically confirmed bone marrow metastasis were included. Second, it was not possible to identify an external validation set with patients possessing similar characteristics; therefore, temporal external validation was conducted instead. Third, although this study was conducted at a single institution and included a relatively small number of patients, it is significant considering that it focused on patients with gastric cancer over a period of approximately 20 years who had no prior diagnosis of bone metastasis and had undergone bone marrow studies for thrombocytopenia, with pathology providing the ground truth. In the future, we look forward to further multicenter studies with larger cohorts of patients to explore the applicability and potential expansion of this research.




5. Conclusions


Radiomic features derived from CT images serve as effective imaging biomarkers for predicting bone marrow metastasis, including microscopic bone metastasis, in patients with gastric cancer. These findings indicate the potential for their clinical utility in diagnosing and predicting bone marrow metastasis through routine evaluation of APCT images during follow-up examinations.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/diagnostics14151689/s1, Table S1: Diagnostic performance of the bone marrow metastasis prediction models in the entire patient population; Table S2: Diagnostic performance of the bone marrow metastasis prediction models in the pathology-positive CT-negative cohort.





Author Contributions


Conception and design: Y.H.L.; Administrative support: Y.H.L. and M.J.; Provision of study materials or patients: J.P. and S.K.K.; Collection and assembly of data: J.P. and M.J.; Data analysis and interpretation: J.P. and Y.H.L.; Manuscript writing: All authors; Final approval of manuscript: All authors. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by a National Research Foundation (NRF) grant funded by the Korea government, Ministry of Science and ICT (MSIP, 2022R1F1A1071702).




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki and approved by the Institutional Review Board of Yonsei University Severance Hospital (4-2024-0604).




Informed Consent Statement


Patient consent was waived due to retrospective nature of the study.




Data Availability Statement


The datasets presented in this article are not readily available because the data are part of an ongoing study.




Acknowledgments


Thanks for the development and evaluation of the machine learning models: Hangil Kim.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Thrift, A.P.; Wenker, T.N.; El-Serag, H.B. Global burden of gastric cancer: Epidemiological trends, risk factors, screening and prevention. Nat. Rev. Clin. Oncol. 2023, 20, 338–349. [Google Scholar] [CrossRef] [PubMed]

	



Rugge, M.; Fassan, M.; Graham, D.Y. Epidemiology of gastric cancer. World J. Gastroenterol. WJG 2006, 12, 354. [Google Scholar]

	



Kong, J.H.; Lee, J.; Yi, C.A.; Park, S.H.; Park, J.O.; Park, Y.S.; Lim, H.Y.; Park, K.W.; Kang, W.K. Lung metastases in metastatic gastric cancer: Pattern of lung metastases and clinical outcome. Gastric Cancer 2012, 15, 292–298. [Google Scholar] [CrossRef] [PubMed]

	



Wang, C.; Zhang, Y.; Zhang, Y.; Li, B. A bibliometric analysis of gastric cancer liver metastases: Advances in mechanisms of occurrence and treatment options. Int. J. Surg. 2024, 110, 2288–2299. [Google Scholar] [CrossRef] [PubMed]

	



Nakamura, K.; Tomioku, M.; Nabeshima, K.; Yasuda, S. Clinicopathologic features and clinical outcomes of gastric cancer patients with bone metastasis. Tokai J. Exp. Clin. Med. 2014, 39, 193–198. [Google Scholar] [PubMed]

	



Turkoz, F.P.; Solak, M.; Kilickap, S.; Ulas, A.; Esbah, O.; Oksuzoglu, B.; Yalcin, S. Bone metastasis from gastric cancer: The incidence, clinicopathological features, and influence on survival. J. Gastric Cancer 2014, 14, 164–172. [Google Scholar] [CrossRef] [PubMed]

	



Lee, J.; Lim, T.; Uhm, J.E.; Park, K.W.; Park, S.H.; Lee, S.C.; Park, J.O.; Park, Y.S.; Lim, H.Y.; Sohn, T.S.; et al. Prognostic model to predict survival following first-line chemotherapy in patients with metastatic gastric adenocarcinoma. Ann. Oncol. 2007, 18, 886–891. [Google Scholar] [CrossRef] [PubMed]

	



Park, H.S.; Rha, S.Y.; Kim, H.S.; Hyung, W.J.; Park, J.S.; Chung, H.C.; Noh, S.H.; Jeung, H.C. A prognostic model to predict clinical outcome in gastric cancer patients with bone metastasis. Oncology 2011, 80, 142–150. [Google Scholar] [CrossRef] [PubMed]

	



Ahn, J.B.; Ha, T.K.; Kwon, S.J. Bone metastasis in gastric cancer patients. J. Gastric Cancer 2011, 11, 38–45. [Google Scholar] [CrossRef]

	



Kim, H.S.; Yi, S.Y.; Jun, H.J.; Lee, J.; Park, J.O.; Park, Y.S.; Jang, J.; Kim, H.J.; Ko, Y.; Lim, H.Y.; et al. Clinical outcome of gastric cancer patients with bone marrow metastases. Oncology 2007, 73, 192–197. [Google Scholar] [CrossRef]

	



Lim, S.M.; Kim, Y.N.; Park, K.H.; Kang, B.; Chon, H.J.; Kim, C.; Kim, J.H.; Rha, S.Y. Bone alkaline phosphatase as a surrogate marker of bone metastasis in gastric cancer patients. BMC Cancer 2016, 16, 1–7. [Google Scholar] [CrossRef]

	



Lee, S.C.; Jain, P.A.; Jethwa, S.C.; Tripathy, D.; Yamashita, M.W. Radiologist’s role in breast cancer staging: Providing key information for clinicians. Radiographics 2014, 34, 330–342. [Google Scholar] [CrossRef] [PubMed]

	



Hallinan, J.T.; Venkatesh, S.K. Gastric carcinoma: Imaging diagnosis, staging and assessment of treatment response. Cancer Imaging 2013, 13, 212–227. [Google Scholar] [CrossRef]

	



Rybak, L.D.; Rosenthal, D.I. Radiological imaging for the diagnosis of bone metastases. Q. J. Nucl. Med. 2001, 45, 53–64. [Google Scholar]

	



Papac, R.J. Bone marrow metastases. A review. Cancer 1994, 74, 2403–2413. [Google Scholar] [CrossRef]

	



Zach, O.; Lutz, D. Tumor cell detection in peripheral blood and bone marrow. Curr. Opin. Oncol. 2006, 18, 48–56. [Google Scholar] [CrossRef] [PubMed]

	



Cardoso, F.; Paluch-Shimon, S.; Senkus, E.; Curigliano, G.; Aapro, M.S.; Andre, F.; Barrios, C.H.; Bergh, J.; Bhattacharyya, G.S.; Biganzoli, L.; et al. 5th eso-esmo international consensus guidelines for advanced breast cancer (abc 5). Ann. Oncol. 2020, 31, 1623–1649. [Google Scholar] [CrossRef] [PubMed]

	



Kosmin, M.; Padhani, A.R.; Gogbashian, A.; Woolf, D.; Ah-See, M.L.; Ostler, P.; Sutherland, S.; Miles, D.; Noble, J.; Koh, D.M.; et al. Comparison of whole-body mri, ct, and bone scintigraphy for response evaluation of cancer therapeutics in metastatic breast cancer to bone. Radiology 2020, 297, 622–629. [Google Scholar] [CrossRef]

	



Ahmed, F.; Muzaffar, R.; Fernandes, H.; Tu, Y.; Albalooshi, B.; Osman, M.M. Skeletal metastasis as detected by 18f-fdg pet with negative ct of the pet/ct: Frequency and impact on cancer staging and/or management. Front. Oncol. 2016, 6, 208. [Google Scholar] [CrossRef]

	



Piatek, C.I.; Liebman, H.A. Thrombocytopenia in patients with solid tumors or hematologic malignancies. In Platelets in Thrombotic and Non-Thrombotic Disorders: Pathophysiology, Pharmacology and Therapeutics: An Update; Springer: Berlin/Heidelberg, Germany, 2017; pp. 841–850. [Google Scholar]

	



Varghese, B.A.; Cen, S.Y.; Hwang, D.H.; Duddalwar, V.A. Texture analysis of imaging: What radiologists need to know. Am. J. Roentgenol. 2019, 212, 520–528. [Google Scholar] [CrossRef]

	



Wagner, M.W.; Namdar, K.; Biswas, A.; Monah, S.; Khalvati, F.; Ertl-Wagner, B.B. Radiomics, machine learning, and artificial intelligence-what the neuroradiologist needs to know. Neuroradiology 2021, 63, 1957–1967. [Google Scholar] [CrossRef] [PubMed]

	



Obermeyer, Z.; Emanuel, E.J. Predicting the future - big data, machine learning, and clinical medicine. N. Engl. J. Med. 2016, 375, 1216–1219. [Google Scholar] [CrossRef] [PubMed]

	



Acar, E.; Leblebici, A.; Ellidokuz, B.E.; Basbinar, Y.; Kaya, G.C. Machine learning for differentiating metastatic and completely responded sclerotic bone lesion in prostate cancer: A retrospective radiomics study. Br. J. Radiol. 2019, 92, 20190286. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, W.; Mao, N.; Wang, Y.; Xie, H.; Duan, S.; Zhang, X.; Wang, B. A radiomics nomogram for predicting bone metastasis in newly diagnosed prostate cancer patients. Eur. J. Radiol. 2020, 128, 109020. [Google Scholar] [CrossRef] [PubMed]

	



Lambin, P.; Rios-Velazquez, E.; Leijenaar, R.; Carvalho, S.; van Stiphout, R.G.; Granton, P.; Zegers, C.M.; Gillies, R.; Boellard, R.; Dekker, A.; et al. Radiomics: Extracting more information from medical images using advanced feature analysis. Eur. J. Cancer 2012, 48, 441–446. [Google Scholar] [CrossRef] [PubMed]

	



Park, J.; Kim, M.J.; Yoon, J.H.; Han, K.; Kim, E.K.; Sohn, J.H.; Lee, Y.H.; Yoo, Y. Machine learning predicts pathologic complete response to neoadjuvant chemotherapy for er+her2- breast cancer: Integrating tumoral and peritumoral mri radiomic features. Diagnostics 2023, 13, 3031. [Google Scholar] [CrossRef] [PubMed]

	



Davnall, F.; Yip, C.S.; Ljungqvist, G.; Selmi, M.; Ng, F.; Sanghera, B.; Ganeshan, B.; Miles, K.A.; Cook, G.J.; Goh, V. Assessment of tumor heterogeneity: An emerging imaging tool for clinical practice? Insights Imaging 2012, 3, 573–589. [Google Scholar] [CrossRef]

	



Fisher, R.; Pusztai, L.; Swanton, C. Cancer heterogeneity: Implications for targeted therapeutics. Br. J. Cancer 2013, 108, 479–485. [Google Scholar] [CrossRef]

	



Vallieres, M.; Freeman, C.R.; Skamene, S.R.; El Naqa, I. A radiomics model from joint fdg-pet and mri texture features for the prediction of lung metastases in soft-tissue sarcomas of the extremities. Phys. Med. Biol. 2015, 60, 5471–5496. [Google Scholar] [CrossRef]

	



Hanley, J.A.; McNeil, B.J. The meaning and use of the area under a receiver operating characteristic (roc) curve. Radiology 1982, 143, 29–36. [Google Scholar] [CrossRef]

	



Taha, A.A.; Hanbury, A. Metrics for evaluating 3d medical image segmentation: Analysis, selection, and tool. BMC Med. Imaging 2015, 15, 29. [Google Scholar] [CrossRef] [PubMed]

	



Wang, H.; Chen, H.; Duan, S.; Hao, D.; Liu, J. Radiomics and machine learning with multiparametric preoperative mri may accurately predict the histopathological grades of soft tissue sarcomas. J. Magn. Reson. Imaging 2020, 51, 791–797. [Google Scholar] [CrossRef] [PubMed]

	



Park, C.J.; Kim, S.; Han, K.; Ahn, S.S.; Kim, D.; Park, Y.W.; Chang, J.H.; Kim, S.H.; Lee, S.K. Diffusion- and perfusion-weighted mri radiomics for survival prediction in patients with lower-grade gliomas. Yonsei Med. J. 2024, 65, 283–292. [Google Scholar] [CrossRef] [PubMed]

	



Suh, Y.J.; Han, K.; Kwon, Y.; Kim, H.; Lee, S.; Hwang, S.H.; Kim, M.H.; Shin, H.J.; Lee, C.Y.; Shim, H.S. Computed tomography radiomics for preoperative prediction of spread through air spaces in the early stage of surgically resected lung adenocarcinomas. Yonsei Med. J. 2024, 65, 163–173. [Google Scholar] [CrossRef] [PubMed]

	



Lisson, C.S.; Lisson, C.G.; Flosdorf, K.; Mayer-Steinacker, R.; Schultheiss, M.; von Baer, A.; Barth, T.F.E.; Beer, A.J.; Baumhauer, M.; Meier, R.; et al. Diagnostic value of mri-based 3d texture analysis for tissue characterisation and discrimination of low-grade chondrosarcoma from enchondroma: A pilot study. Eur. Radiol. 2018, 28, 468–477. [Google Scholar] [CrossRef] [PubMed]

	



Kim, H.S.; Kim, J.H.; Yoon, Y.C.; Choe, B.K. Tumor spatial heterogeneity in myxoid-containing soft tissue using texture analysis of diffusion-weighted mri. PLoS ONE 2017, 12, e0181339. [Google Scholar] [CrossRef]

	



Hong, J.H.; Jung, J.Y.; Jo, A.; Nam, Y.; Pak, S.; Lee, S.Y.; Park, H.; Lee, S.E.; Kim, S. Development and validation of a radiomics model for differentiating bone islands and osteoblastic bone metastases at abdominal ct. Radiology 2021, 299, 626–632. [Google Scholar] [CrossRef]

	



Corino, V.D.A.; Montin, E.; Messina, A.; Casali, P.G.; Gronchi, A.; Marchiano, A.; Mainardi, L.T. Radiomic analysis of soft tissues sarcomas can distinguish intermediate from high-grade lesions. J. Magn. Reson. Imaging 2018, 47, 829–840. [Google Scholar] [CrossRef]

	



Zhang, Y.; Zhu, Y.; Shi, X.; Tao, J.; Cui, J.; Dai, Y.; Zheng, M.; Wang, S. Soft tissue sarcomas: Preoperative predictive histopathological grading based on radiomics of mri. Acad. Radiol. 2019, 26, 1262–1268. [Google Scholar] [CrossRef]

	



Peeken, J.C.; Spraker, M.B.; Knebel, C.; Dapper, H.; Pfeiffer, D.; Devecka, M.; Thamer, A.; Shouman, M.A.; Ott, A.; von Eisenhart-Rothe, R.; et al. Tumor grading of soft tissue sarcomas using mri-based radiomics. EBioMedicine 2019, 48, 332–340. [Google Scholar] [CrossRef]

	



Spraker, M.B.; Wootton, L.S.; Hippe, D.S.; Ball, K.C.; Peeken, J.C.; Macomber, M.W.; Chapman, T.R.; Hoff, M.N.; Kim, E.Y.; Pollack, S.M.; et al. Mri radiomic features are independently associated with overall survival in soft tissue sarcoma. Adv. Radiat. Oncol. 2019, 4, 413–421. [Google Scholar] [CrossRef] [PubMed]

	



Crombe, A.; Perier, C.; Kind, M.; De Senneville, B.D.; Le Loarer, F.; Italiano, A.; Buy, X.; Saut, O. T2-based mri delta-radiomics improve response prediction in soft-tissue sarcomas treated by neoadjuvant chemotherapy. J. Magn. Reson. Imaging 2019, 50, 497–510. [Google Scholar] [CrossRef] [PubMed]

	



Banys, M.; Solomayer, E.F.; Becker, S.; Krawczyk, N.; Gardanis, K.; Staebler, A.; Neubauer, H.; Wallwiener, D.; Fehm, T. Disseminated tumor cells in bone marrow may affect prognosis of patients with gynecologic malignancies. Int. J. Gynecol. Cancer 2009, 19, 948–952. [Google Scholar] [CrossRef] [PubMed]

	



Fischer, B.M.; Mortensen, J.; Langer, S.W.; Loft, A.; Berthelsen, A.K.; Petersen, B.I.; Daugaard, G.; Lassen, U.; Hansen, H.H. A prospective study of pet/ct in initial staging of small-cell lung cancer: Comparison with ct, bone scintigraphy and bone marrow analysis. Ann. Oncol. 2007, 18, 338–345. [Google Scholar] [CrossRef]

	



Bubnovskaya, L.; Kovelskaya, A.; Gumenyuk, L.; Ganusevich, I.; Mamontova, L.; Mikhailenko, V.; Osinsky, D.; Merentsev, S.; Osinsky, S. Disseminated tumor cells in bone marrow of gastric cancer patients: Correlation with tumor hypoxia and clinical relevance. J. Oncol. 2014, 2014, 582140. [Google Scholar] [CrossRef]








[image: Diagnostics 14 01689 g001] 





Figure 1. Flowchart for patient selection and development of datasets. Abbreviations: BMS, bone marrow study; CT, computed tomography. 
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Figure 2. CT segmentation examples on contrast-enhanced axial scan for a patient with gastric cancer. Regions of interest were drawn in the right iliac bone on axial CT images (blue lines). Abbreviation: CT, computed tomography. 
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Figure 3. Comparison of the ROC curves for the prediction performance of bone marrow metastasis in the entire patient population using the optimal machine learning models. Abbreviations: ROC, receiver operating characteristic; TPR, true positive rate (sensitivity); FPR, false positive rate (1—specificity). 
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Figure 4. Representative cases. (A) CT image of a 67-year-old female patient shows heterogeneous densities in the sacrum and iliac bone, strongly suggesting bone metastasis. The bone marrow metastasis prediction model predicted bone metastasis based on the radiomic features. Pathological examination of the bone marrow confirmed bone metastasis. (B) CT image of a 55-year-old male patient shows no definite gross marrow changes; however, bone metastasis was pathologically confirmed. The prediction model predicted bone metastasis based on the radiomic features. (C) CT image of a 57-year-old male patient shows suspicious marrow inhomogeneity, but pathological examination confirmed no bone metastasis. The prediction model predicted no metastasis based on the radiomic features. (D) CT image of a 68-year-old male patient shows no marrow changes, and pathological examination confirmed no bone metastasis. The prediction model predicted no metastasis based on the radiomic features. 
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Figure 5. Comparison of the ROC curves for the prediction performance of bone marrow metastasis in the pathology-positive CT-negative group using the optimal machine learning models. Abbreviations: ROC, receiver operating characteristic; TPR, true positive rate (sensitivity); FPR, false positive rate (1—specificity). 
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Figure 6. Comparison of the ROC curves for the prediction performance of bone marrow metastasis between the internal and external validation groups using the best-performing machine learning model. Abbreviations: ROC, receiver operating characteristic; TPR, true positive rate (sensitivity); FPR, false positive rate (1—specificity). 
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Table 1. The characteristics of the study population.
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Pathology Bone Mets +

	
No Pathology Bone Mets −




	

	
All Patients

	
CT (+)

	
CT (−)

	
CT (+)

	
CT (−)




	
Variables

	
(n = 96)

	
(n = 28, 29.2%)

	
(n = 12, 12.5%)

	
(n = 13, 13.5%)

	
(n = 43, 44.8%)






	
Age, y

	
58.4 ± 13.4

	
51.4 ± 12.9

	
57.4 ± 9.7

	
65.6 ± 11.6

	
61.3 ± 13.5




	
Gender M:F

	
53:43

	
11:17

	
10:2

	
9:4

	
23:20




	
PLT, k

	
48.1 ± 37.0

	
32.5 ± 20.9

	
27.4 ± 19.6

	
63.3 ± 46.1

	
60.4 ± 40.4




	
Patho-Dx, d

	
1060.0 ± 1351.2

	
1099.7 ± 1778.7

	
889.0 ± 973.2

	
904.2 ± 1284.2

	
1129.3 ± 1170.9




	
Patho-CT, d

	
34.6 ± 70.4

	
8.7 ± 9.0

	
46.5 ± 60.1

	
87.8 ± 161.6

	
33.0 ± 44.7




	
Patho-PLT, d

	
22.3 ± 99.1

	
2.3 ± 2.4

	
3.8 ± 6.7

	
9.6 ± 25.5

	
44.4 ± 145.3








Values are mean ± SD or n (%). Abbreviations: Mets, metastasis; CT, computed tomography; PLT, platelet; Patho-Dx, the interval from gastric cancer diagnosis to bone marrow study; Patho-CT, the interval from CT scan to bone marrow study; Patho-PLT, the interval from platelet counting to bone marrow study.













 





Table 2. Diagnostic performance of optimal bone marrow metastasis prediction models in the entire patient population.
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	Dataset Type
	Model
	AUC
	Accuracy
	Sensitivity
	Specificity
	Precision
	F1-Score





	Radiomics + attenuation
	RandomForest
	0.959
	0.846
	0.813
	0.870
	0.813
	0.846



	Attenuation
	KNeighbors
	0.913
	0.821
	0.813
	0.826
	0.765
	0.821



	Radiomics
	KNeighbors
	0.788
	0.667
	0.438
	0.826
	0.636
	0.652







Abbreviation: AUC, area under the curve.













 





Table 3. Diagnostic performance of optimal bone marrow metastasis prediction models in the pathology-positive CT-negative group.
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	Dataset Type
	Model
	AUC
	Accuracy
	Sensitivity
	Specificity
	Precision
	F1-Score





	Radiomics + Attenuation
	RandomForest
	0.933
	0.826
	0.800
	0.833
	0.571
	0.835



	Attenuation
	KNeighbors
	0.800
	0.783
	0.800
	0.778
	0.500
	0.798



	Radiomics
	KNeighbors
	0.661
	0.609
	0.000
	0.778
	0.000
	0.592







Abbreviation: AUC, area under the curve.













 





Table 4. Diagnostic performance of the best-performing bone marrow metastasis prediction model in the external validation cohort compared to the internal validation cohort.
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	Dataset Type
	Model
	AUC
	Accuracy
	Sensitivity
	Specificity
	Precision





	Internal validation
	0.959
	0.846
	0.813
	0.870
	0.813
	0.846



	External validation
	0.958
	0.857
	0.875
	0.833
	0.875
	0.857







Abbreviation: AUC, area under the curve.
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