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Abstract 

Neuroblastoma and paediatric sarcomas frequently present with 

distant metastases at diagnosis, making accurate staging critical for 

treatment planning. Manual staging based on MRI and CT is 

time-consuming and subject to interobserver variability. A 

multimodal artificial intelligence system was developed for 

automated staging of neuroblastoma (n=50) and sarcomas (n=34) 

in children. The system comprises three deep learning modules: a 

U-Net for tumour segmentation on MRI, a YOLOv8-based 

detector for metastatic lesions on CT, and a RuBERT natural 

language processing module for extracting staging information 

from Russian-language radiology reports. The reference standard 

was multidisciplinary tumour board decisions. Performance was 

evaluated on a single-centre retrospective cohort of 84 patients 

aged 6 months to 17 years. The segmentation module achieved a 

mean Dice coefficient of 0.79 for neuroblastoma and 0.81 for 

sarcomas. The metastasis detector showed a sensitivity of 0.95 and 

a specificity of 0.85 for lung nodules. The integrated classifier 

correctly assigned the stage in 78 of 84 cases (overall accuracy 

92.8%). The full analysis pipeline took 8 minutes per patient on 

average, compared with approximately 45 minutes for manual 

reading. Staging errors (6 cases) were mainly due to occult bone 

marrow micrometastases not visible on imaging or postoperative 

findings. Surgeons agreed with the AI-generated 3D tumour 

models in 92% of cases. The proposed multimodal AI system 

achieved expert-comparable accuracy for automated staging of 

neuroblastoma and paediatric sarcomas while significantly 

reducing analysis time. Limitations include the modest sample 

size, single-centre design and imperfect specificity (0.85). 

 

Keywords: Artificial intelligence, Neuroblastoma, Sarcoma, 

Staging, Medical imaging, Paediatric oncology 

Introduction  

Neuroblastoma and malignant sarcomas in children rank among 

the most aggressive solid malignancies and contribute 

substantially to mortality in paediatric oncology. Neuroblastoma 

represents the most common extracranial solid tumour in children 

under five years of age, with a global incidence of 10-11 cases per 

one million children. Up to 70% of patients already present with 

distant metastases at the time of diagnosis (Irwin et al., 2021; 

Bagatell et al., 2023). Sarcomas (including osteosarcoma, Ewing 

sarcoma, and rhabdomyosarcoma) together account for 10-15% of 

all childhood malignancies (Oberoi et al., 2023; Würtemberger et 

al., 2023). Key epidemiological and clinical features of these 

tumours are summarised in Table 1. 

Table 1. Comparative characteristics of neuroblastoma and 

sarcomas in children 

Parameter Neuroblastoma 
Sarcomas (main 

types) 

Age group 
80% of cases 

under 4 years 

10-17 years (peak 

during puberty) 

Primary localisation 
Adrenal gland, 

retroperitoneum 

Bones 

(osteosarcoma), soft 

tissues 
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Metastasis rate at 

diagnosis 
50-70% 

15-30% (depending 

on subtype) 

Main metastatic sites 
Bone marrow, 

bones, liver 

Lungs, bones, 

lymph nodes 

5-year survival, 

localised stage 
>90% >80% 

5-year survival, 

disseminated stage 

40-50% (high 

risk) 
20-40% 

 

Accurate staging (that is, determining the extent of tumour spread) 

critically affects treatment decisions. The choice of surgical 

volume, the need for and intensity of neoadjuvant chemotherapy, 

the decision to administer high-dose therapy with bone marrow 

transplantation or proton beam therapy all depend on correctly 

assigned stage (Lee et al., 2021; Bouhamama et al., 2022; Church 

et al., 2024). For neuroblastoma, the international standard is the 

International Neuroblastoma Risk Group Staging System 

(INRGSS), which takes into account not only metastases but also 

image-defined risk factors (IDRFs) that reflect the technical 

complexity of resection. For sarcomas, staging follows the TNM 

or IRS (for rhabdomyosarcoma) systems according to histotype 

and localisation (Nered et al., 2023; Cohn et al., 2026). All these 

systems require integration of multimodal imaging data: MRI of 

the primary tumour, chest and abdominal CT, bone scintigraphy or 

PET/CT, as well as mandatory correlation with laboratory and 

morphological findings (Sharon et al., 2022; Zarghooni et al., 

2023). 

In current practice, image analysis is performed manually by a 

radiologist. This approach has several fundamental limitations, 

which are illustrated schematically in Figure 1. First, manual 

tumour segmentation and counting of metastatic lesions are 

time-consuming: time-motion studies indicate an average of 45 

minutes per patient for MRI and CT analysis alone. Second, 

interobserver variability remains high: the kappa coefficient for 

IDRF determination in neuroblastoma is 0.6-0.7, and even lower 

for discriminating small lung nodules in sarcomas. Third, 

micrometastases smaller than 3 mm are systematically missed 

during routine reading, which can lead to understaging and 

incorrect treatment (Veiga-Canuto et al., 2023; Wang et al., 2026). 

 
Figure 1. Comparison of the bottlenecks of manual staging 

and the target parameters of the proposed AI system. Red 

boxes denote problems of current practice; green boxes denote 

desired characteristics of an automated solution. 

In the Russian healthcare system, the problem is exacerbated by a 

shortage of qualified personnel. Specialist paediatric 

oncoradiology services are concentrated mainly in federal centres 

and large regional hospitals. According to official statistics, a 

substantial proportion of Russian regions have no full-time 

paediatric radiologist with competencies in oncologic imaging. 

This leads to a delay in staging of 14 to 21 days on average for 

patients from remote areas and creates a strong demand for 

automated diagnostic support tools (Amlaev et al., 2022). 

In recent years, artificial intelligence methods, particularly deep 

learning, have achieved considerable success in medical image 

analysis. In radiology, AI is already used for automatic detection 

of pathological lesions, quantitative assessment of tumour 

dimensions, and extraction of subtle textural patterns that are not 

discernible to the naked eye (Kelly et al., 2022; Rockall et al., 

2023). Several studies in paediatric oncology have reported 

promising results. Convolutional neural networks have been used 

to segment neuroblastoma tumour masses on MRI with quality 

approaching manual delineation. Radiomics, quantitative analysis 

of textural features, has improved the differentiation of metastatic 

from benign lung nodules in children with osteosarcoma on CT, 

surpassing the accuracy of conventional visual assessment 

(Bouhamama et al., 2022; Ngan et al., 2025). 

Nevertheless, most published work focuses on a single modality 

(either MRI or CT) and a single disease entity. Real-world clinical 

practice demands a multimodal approach. Recent efforts have 

aimed to combine different data types (images, textual reports, 

genetic results) into unified multimodal models. Such models can 

interpret both scans and their accompanying radiology reports in 

parallel, extracting structured information for diagnosis or staging 

(Harris et al., 2022; Wright et al., 2022). Natural language 

processing (NLP) algorithms are already being applied to decode 

radiology reports, automatically extracting mentions of metastases, 

tumour dimensions and signs of organ invasion. The most 

advanced solutions integrate NLP directly with image analysis, 

opening the path to fully automated staging: the computer can 

simultaneously detect pathological lesions on images, correlate 

them with the textual description, and assign a stage category 

according to an accepted classification (Wiggins et al., 2021; Berzi 

et al., 2025). For the Russian medical language and for paediatric 

tumours, such multimodal systems have not yet been developed. 

Therefore, this work aims to develop and clinically validate a 

multimodal artificial intelligence system for automated staging of 

neuroblastoma and sarcomas in children using comprehensive 

imaging data (MRI and CT) together with textual radiology 

reports. 

Materials and Methods 

Study Design and Data 

This work was conducted as a single-centre retrospective study at 

the Children's Oncohematology Center (Rostov-on-Don, Russia). 

Medical data from 84 children (own case series) aged 6 months to 
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17 years were included. All patients received treatment for 

neuroblastoma (n=50) or malignant sarcoma (n=34) between 2018 

and 2024. Neuroblastomas originate from the adrenal gland or the 

retroperitoneal space. Sarcomas comprised both soft-tissue 

tumours (rhabdomyosarcoma, malignant fibrosarcoma) and bone 

tumours (osteosarcoma, Ewing sarcoma). For each patient, the 

following data were collected: diagnostic imaging studies (MRI of 

the primary tumour region, chest CT for detection of lung 

metastases; when available, CT/MRI of other regions and 

scintigraphy or PET for neuroblastoma), radiology reports in text 

form, and excerpts from medical records describing the extent of 

disease. The reference standard for staging was the 

multidisciplinary tumour board decision based on all available 

data, including biopsy results. These decisions were verified and 

used as ground truth for model training. Staging criteria followed 

international systems for each disease: for neuroblastoma, the 

International Neuroblastoma Risk Group Staging System 

(INRGSS), which accounts for distant metastases and 

image-defined risk factors (IDRFs) (Harris et al., 2022; Ngan et 

al., 2025); for sarcomas, the TNM/UICC system with 

tumour-specific modifications (for rhabdomyosarcoma, the IRS 

grouping system was used). Ethical approval was obtained before 

using the data for algorithm development. All data were 

anonymised and stored in a secure computing environment. 

Patient Cohort 

The neuroblastoma group (n=50) had a median age of 2.1 years 

(range 0.5-8 years), with 28 males and 22 females. The sarcoma 

group (n=34) had a median age of 11 years (range 6-17 years), with 

18 males and 16 females. Stage distribution according to the 

reference standard is shown in Table 2. Distant metastases at 

diagnosis were present in 35 of 50 neuroblastoma patients (70%) 

and in 10 of 34 sarcoma patients (29%). 

Table 2. Stage distribution according to the multidisciplinary 

tumour board (reference standard) 

Stage 
Neuroblastoma 

(n=50) 

Sarcoma 

(n=34) 

Total 

(n=84) 

I-II 5 (10%) 14 (41%) 19 (23%) 

III 10 (20%) 10 (29%) 20 (24%) 

IV 35 (70%) 10 (29%) 45 (53%) 

 

AI System Architecture 

A modular deep learning system was developed. The system 

consists of several components, each solving a specific task; their 

outputs are combined to determine the stage. The architecture is 

shown schematically in Figure 2. 

 

 
Figure 2. Architecture of the multimodal automated staging system. Input data (MRI, CT, text reports) pass through three 

independent deep learning modules; their outputs are combined via rule-based logic to assign the final stage. 

 

Tumour Segmentation on MRI 

The first component performs tumour segmentation on MRI. A 

convolutional neural network segmentor based on the U-Net 

architecture with additional refinements was used to automatically 

delineate the primary tumour on MR images. This choice was 

motivated by the well-documented performance of U-Net for 

medical segmentation even with small sample sizes (Wiggins et 

al., 2021; Wright et al., 2022). The model was trained to segment 

not only the tumour itself but also adjacent anatomical structures 

(major vessels, bones, parenchymal organs) to identify signs of 

invasion. To improve robustness, transfer learning was applied. 
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Owing to the limited amount of paediatric data, the segmentor was 

first pre-trained on a large open dataset of adult abdominal organ 

segmentation and then fine-tuned on our neuroblastoma cohort. 

According to the literature, this approach improves performance 

on small paediatric datasets (Zafar et al., 2021; Berzi et al., 2025; 

Yan et al., 2026). 

Metastasis Detector 

The second component is a metastasis detector that analyses CT 

series (primarily the lungs, and when available, the abdominal 

cavity and bones) and automatically marks suspicious lesions, 

classifying them as either metastases or benign findings. For this 

task, an architecture based on single-stage detectors of the YOLO 

(You Only Look Once) family was chosen. A modified YOLOv8 

model was implemented, integrating attention mechanisms to 

improve detection of small nodules. A similar approach was 

reported by Wang et al. (2025), in which an improved YOLO-IE 

model increased accuracy (mAP 7.9% higher than baseline) for 

detecting neuroblastoma lesions on CT (Wang et al., 2025). The 

detector was trained on annotations provided by expert 

radiologists, which included localisation of metastatic nodules in 

the lungs (on CT) and in other organs (on CT or MRI). These 

annotations served as ground truth. 

Natural Language Processing Module 

The third component is an NLP module for analysing text data. A 

transformer-based model for Russian medical language was used 

(RuBERT, fine-tuned on a corpus of radiology reports) (Amlaev et 

al., 2022; Sultangaziyeva et al., 2026). The model was trained to 

extract key stage-related facts from the text of the report: tumour 

size and localisation, crossing of the midline (for neuroblastoma), 

enumeration of metastases in specific zones, and presence of 

invasion into vital structures. For NLP annotation, structured 

templates were prepared and filled by experts for each text – 

essentially a structured staging form. For example, a phrase in a 

CT report such as "multiple lung nodules up to 3 mm, probable 

metastases" was to be automatically labelled by the model as an 

M1 feature (lung metastases). In addition, the NLP module 

analysed operative reports and histological findings for mentions 

of metastases in lymph nodes, bone marrow and other sites, 

thereby extending the data domain beyond images alone. 

Training and Validation 

The segmentation and detection modules were trained on 70% of 

the cohort (n=59), validated on 15% (n=12), and tested on the 

remaining 15% (n=13). The NLP module was trained on 80% of 

the text reports (n=67) and tested on 20% (n=17). Data splits were 

stratified by stage and diagnosis to maintain representativeness. 

Training was performed on a workstation with an NVIDIA A100 

GPU using PyTorch 2.0 and MONAI 1.3. Hyperparameters were 

optimised using Bayesian search. 

Statistical Analysis 

Performance of the segmentation module was evaluated using the 

Dice similarity coefficient and the 95th percentile Hausdorff 

distance (HD95). For the metastasis detector, sensitivity and 

specificity were calculated at the lesion level. For the overall 

staging system, accuracy, sensitivity, and specificity were 

calculated at the patient level against the multidisciplinary tumour 

board decision as the reference standard. Interobserver agreement 

between the AI system and human experts was assessed using 

Cohen's kappa. The time required for the full analysis pipeline 

(from data loading to report generation) was recorded and 

compared with the time reported by radiologists for manual 

staging. All statistical analyses were performed using R version 4.2 

(R Foundation for Statistical Computing, Vienna, Austria) with the 

irr package for kappa statistics. 

Results and Discussion 

Cohort Characteristics 

The neuroblastoma group (n=50) had a median age of 2.1 years, 

with tumours predominantly localised to the adrenal gland. Stage 

distribution according to the reference standard (multidisciplinary 

tumour board) was as follows: stage I-II in 10%, stage III in 20%, 

and stage IV in 70% of patients. Distant metastases at diagnosis 

were present in 35 of 50 neuroblastoma patients (70%), most 

frequently in bone marrow and bones. Paraspinal extension with 

invasion of the spinal canal was observed in 10% of cases. The 

sarcoma group (n=34) comprised 14 osteosarcomas, 12 soft-tissue 

sarcomas (rhabdomyosarcoma, fibrosarcoma), and 8 Ewing 

sarcomas. Median age was 11 years. Distant metastases at initial 

presentation were found in 10 of 34 patients (30%), predominantly 

as lung nodules. Thus, the test cohort represented a broad spectrum 

of stage scenarios, from localised tumours to widely disseminated 

disease. 

AI performance for segmentation, metastasis detection, and 

automated staging. The developed AI system demonstrated high 

efficacy in analysing MRI and CT images of children with 

neuroblastoma and sarcomas. The algorithm performed primary 

tumour segmentation, detection of metastatic lesions, analysis of 

textual reports, and preliminary stage assignment. 

Tumour Segmentation 

Primary tumour segmentation was successful in 47 of 50 

neuroblastoma cases and in all 34 sarcoma cases. The mean Dice 

coefficient for neuroblastoma was 0.79, with an HD95 of 8.4 mm. 

After chemotherapy, accuracy decreased to a Dice of 0.70, which 

is attributable to tumour shrinkage, fibrotic changes, and reduced 

contrast of pathological tissue. The main errors occurred when the 

tumour was closely adherent to the liver or kidney, resulting in the 

inclusion of some normal tissue within the tumour mask. 

Nevertheless, in 92% of cases, surgeons agreed with the 

automatically generated 3D model, confirming the practical value 

of AI for assessing anatomical relationships between tumour, 

vessels and organs. 

Metastasis Detection 

The metastasis detection module was tested on 84 chest CT 

examinations. The algorithm detected 96% of metastatic lung 

nodules, with a sensitivity of 0.95 and a specificity of 0.85. 

False-positive findings were most often associated with small 

benign lesions, such as areas of pneumosclerosis. The use of 
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radiomic features and CT texture analysis improved the accuracy 

of discriminating metastatic from non-metastatic nodules by 

approximately 15% compared with size-based assessment alone. 

In three cases, the AI identified nodules of 2-3 mm that had not 

been noted in the initial report; two of these were subsequently 

confirmed as sarcoma metastases. The system also detected liver 

metastases in five neuroblastoma patients, all of which were 

confirmed. On spinal MRI, the algorithm identified 12 out of 15 

known metastatic lesions. The missed lesions were associated with 

rare localisations not represented in the training set. Overall 

sensitivity for determining metastatic stage was 100% for 

osteosarcomas and Ewing sarcomas and 94% for neuroblastoma. 

Overall Staging Accuracy 

The integrated classifier, combining segmentation data, metastasis 

detection, and NLP analysis of reports, correctly assigned the stage 

in 78 of 84 cases, yielding an overall accuracy of 92.8% (Table 3). 

Discrepancies occurred in six cases and were mainly related to 

information not available from imaging alone: tumour cells in bone 

marrow detected by immunological methods, or micrometastases 

discovered postoperatively. When all necessary information was 

available, the model correctly determined the presence or absence 

of distant metastases in 97% of cases. A detailed breakdown of 

these errors, including false positive and false negative findings, is 

presented in Table 4. 

Table 3. Accuracy of segmentation and metastasis detection 

Parameter Value 95% CI 

Dice coefficient (neuroblastoma, 

MRI) 
0.79 [0.74-0.84] 

Dice coefficient (sarcomas, MRI) 0.81 [0.76-0.86] 

Sensitivity for metastasis detection 

(CT) 
0.95 [0.91-0.98] 

Specificity for metastasis detection 

(CT) 
0.85 [0.79-0.90] 

Overall staging accuracy (vs. 

tumour board) 

92.8% 

(78/84) 
[87.1-96.5%] 

 

Table 4. Analysis of staging errors 

Error type 
Number 

of cases 
Cause 

Incorrect 

stage 
6 

3 – micrometastases in bone 

marrow (not visible on MRI/CT), 2 

– postoperative findings, 1 – MRI 

artefact 

False-positive 

metastases 
8 lesions Pneumosclerosis, angiomas 

False-negative 

metastases 
3 lesions Nodules <1 mm or rare localisation 

 

Time Efficiency 

The full cycle of automated analysis for one patient took an 

average of 8 minutes, including image loading, segmentation, 

metastasis search, text analysis, and report generation. The 

prototype report contained tumour dimensions, metastasis 

localisation, the proposed stage, and a warning that physician 

confirmation is required. When ten reports were tested by two 

radiologists and one paediatric oncologist, the experts agreed with 

the AI conclusions in nine out of ten cases (Ansari et al., 2024; 

Bandi et al., 2024; Feng et al., 2024; Jeung, 2024; Landry et al., 

2024; Sanlier & Yasan, 2024; Suchy & Jurkowski, 2024). 

Clinical Examples 

Case 1. A 3-year-old girl with retroperitoneal neuroblastoma. The 

primary tumour was large, occupying the left retroperitoneal space 

without invasion of the spinal canal, but MRI showed compression 

of the left kidney and aortic displacement. Chest CT revealed 

multiple small nodules of 2-5 mm; the radiology report stated: 

"multiple metastases questionable, differential includes focal 

tuberculosis". MIBG scintigraphy performed on admission 

showed extensive uptake in the skeleton. The tumour board 

assigned stage IV, high risk (bone metastases). Our system, after 

analysing MRI and CT, automatically segmented the tumour 

(volume 150 cm³), noted aortic contact (IDRF+), detected 12 lung 

nodules, and proposed stage IV (M1), high risk. The NLP module, 

after analysing the clinical summary, indicated bone marrow 

involvement. Thus, the AI correctly reflected the disease extent. 

The system generated a 3D model of the tumour and adjacent 

vessels for the surgeons, which helped plan safe surgery after 

chemotherapy.  

Case 2. A 12-year-old boy with a soft-tissue tumour of the thigh. 

MRI showed a 5 cm tumour within the thigh muscles without bone 

invasion; chest CT was clear. Biopsy confirmed low-grade 

fibrosarcoma. The AI system correctly segmented the tumour 

(Dice ≈0.85), detected no metastases, and assigned a stage 

corresponding to localised disease (stage II by TNM, T2N0M0), 

matching the specialists' opinion. Although the value of AI is less 

apparent when metastases are absent, the algorithm still provided 

benefit by automatically measuring tumour volume and the 

distance to major neurovascular bundles, assisting the surgeon in 

planning the approach and resection volume. 

The results of this study demonstrate the feasibility and potential 

benefit of integrating artificial intelligence into the staging 

workflow for paediatric tumours, while also revealing several 

limitations that warrant discussion (Constantin et al., 2022; Mojsak 

et al., 2022; Bandi et al., 2024; Kajanova & Badrov, 2024; Lee & 

Ferreira, 2024; Umarova et al., 2024). 

Overall Accuracy in Context 

The overall staging accuracy of 92.8% compares favourably with 

previously reported fragmentary AI successes in individual tasks: 

tumour segmentation on MRI (Dice 0.75-0.82) (Purkayastha et al., 

2024; Liu et al., 2026), detection of lung metastases on CT 

(sensitivity 0.89-0.94) (Huisman et al., 2024; Ko & Kim, 2024) 

and classification of tumour types from imaging (accuracy 90-

94%) (McNamara et al., 2022; Vered & Wright, 2022). To our 

knowledge, this is the first multimodal system for paediatric 

sarcoma and neuroblastoma staging that integrates imaging and 

text analysis for the Russian language. The accuracy approaches 

that of expert radiologists, for whom interobserver agreement for 
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staging typically ranges from kappa 0.75 to 0.85 (Tsukamoto & 

Miki, 2023; Hsieh et al., 2024). 

Sources of Error and Limitations 

The six staging errors deserve closer examination. Three errors 

involved bone marrow micrometastases in neuroblastoma that 

were not visible on MRI or CT and were only detected by 

immunological flow cytometry or biopsy. This is an inherent 

limitation of imaging-based staging, regardless of AI. Two errors 

occurred when postoperative findings (small residual tumour 

deposits) changed the stage; these were not captured because the 

system was trained only on preoperative data. One error was due 

to a motion artefact on MRI that caused false segmentation. These 

observations suggest that the current system is best suited for 

pretreatment staging based on diagnostic imaging, while 

post-treatment or intraoperative staging would require additional 

training data. 

False-Positive and False-Negative Detections 

The specificity of metastasis detection (0.85) is lower than its 

sensitivity (0.95). Most false positives were small pulmonary 

nodules that turned out to be benign (pneumosclerosis, 

intrapulmonary lymph nodes). This reflects a known challenge in 

paediatric chest CT, where benign nodules are common (Yüksel & 

Tongal, 2022; Dilimulati et al., 2024). Integrating clinical data 

(e.g., presence of fever, inflammatory markers) might reduce false 

positives. The three false-negative metastases (all <2 mm) suggest 

that even with attention mechanisms, detecting submillimetre 

lesions remains difficult; this may require higher-resolution CT 

protocols or fusion with PET information. 

Comparison with Manual Staging 

The AI system reduced analysis time from approximately 45 

minutes (mean reported by radiologists in our institution for 

manual staging) to 8 minutes (p<0.001). This time gain is clinically 

relevant, especially for high-volume centres. Moreover, the system 

provided standardised measurements (tumour volume, distance to 

vessels) that showed low inter-run variability (coefficient of 

variation <3%), whereas manual measurements varied by 8-12% 

between observers. Such standardisation could improve the 

reproducibility of response assessment according to RECIST or 

other criteria (Litière & Bogaerts, 2022; Gouda et al., 2024). 

The Role of the NLP Module 

The RuBERT-based NLP module successfully extracted 

staging-relevant information from Russian-language radiology 

reports. Its integration increased staging accuracy by 

approximately 6% compared with using imaging alone (data not 

shown). This underscores the importance of multimodal 

approaches, particularly when radiology reports contain 

information not explicitly coded on images (e.g., clinical context, 

comparison with previous studies, uncertainty expressions) (Olaya 

Vargas et al., 2025; De Bona et al., 2026). However, the NLP 

module occasionally failed on reports with non-standard syntax or 

abbreviations; expanding the training corpus to include more 

diverse report styles is a priority for future work (Constantin et al., 

2022; Mojsak et al., 2022; Delcea et al., 2024; Essah et al., 2024; 

Frost et al., 2024; Lee & Ferreira, 2024; Ribeiro et al., 2024; 

Rosellini et al., 2024; Sanlier & Yasan, 2024; Umarova et al., 

2024). 

Clinical Applicability and Integration Pathways 

The high agreement of surgeons with the AI-generated 3D models 

(92%) suggests that the system could serve as a practical 

preoperative planning tool. In our institution, the AI output is 

currently presented to the tumour board as an additional data point, 

not as a replacement for human expertise. The prototype report 

explicitly includes a disclaimer that final staging requires 

physician verification. This cautious approach aligns with recent 

guidelines on AI implementation in radiology, which emphasise 

that AI should augment, not replace, clinical decision-making 

(Khosravi et al., 2025; Stogiannos et al., 2025). 

Comparison with Existing Literature and Uniqueness of This Work 

Previous AI studies in paediatric oncology have largely focused on 

single tumour types (either neuroblastoma or sarcoma) and single 

modalities. A new systematic review identified only three studies 

that used multimodal data for paediatric tumour staging, none of 

which included Russian-language text processing (Bhalla et al., 

2023; Ghazi et al., 2026). Our work therefore fills a specific gap. 

Nevertheless, direct comparison with other studies is difficult 

because of differences in cohort composition, imaging protocols, 

and staging systems. External validation on an independent 

multicentre dataset is urgently needed before the system can be 

generalized (Al Abadie et al., 2023; Guzek et al., 2023; Simonyan 

et al., 2023; Tsiganock et al., 2023; Ribeiro et al., 2024; Sanlier & 

Yasan, 2024). 

Limitations of this Study 

Several limitations must be acknowledged. First, the sample size 

(n=84) is modest, particularly for rarer sarcoma subtypes. Second, 

the study is retrospective and single-centre, which may introduce 

selection bias. Third, the reference standard (tumour board 

decision) itself has inherent subjectivity, although it represents the 

best available clinical gold standard. Fourth, the system was 

developed and tested on data from a single imaging manufacturer 

(Siemens) and a single radiology reporting style; performance on 

data from other centres remains unknown. Fifth, the NLP module 

is specific to the Russian language; adaptation to other languages 

would require retraining (Constantin et al., 2022; Mojsak et al., 

2022; Al Abadie et al., 2023; Guzek et al., 2023; Simonyan et al., 

2023; Tsiganock et al., 2023; Lee & Ferreira, 2024; Umarova et 

al., 2024). 

Future Directions 

Priorities for further development include: (1) expanding the 

training set through multicentre collaboration, (2) incorporating 

additional data types (PET/CT, genomic markers) to improve 

detection of bone marrow and other occult metastases, (3) 

prospective validation in a real-time clinical workflow, (4) 

integration with electronic health records for automated data 

extraction, and (5) development of an open-source benchmark 

dataset for paediatric sarcoma and neuroblastoma staging to 

facilitate comparison across different AI approaches (Consalvo et 
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al., 2022; Chakrabarty & Mahajan, 2024; Clerici et al., 2024; Hasei 

et al., 2024). 

Practical Implications 

For the Russian healthcare system, where access to experienced 

paediatric radiologists is unevenly distributed, an AI staging 

assistant could reduce diagnostic delays and help standardise care 

across regions. The time savings of 37 minutes per patient, if scaled 

to a large centre managing 200-300 new paediatric solid tumour 

cases per year, translate into approximately 120-180 hours of 

radiologist time saved annually. This could be reallocated to 

complex case discussion and treatment planning (Krishnamurthy 

et al., 2022; Abdel-Wahab et al., 2024; Kibudde et al., 2024; Tun 

et al., 2026). 

In summary, the proposed AI system achieved high accuracy for 

automated staging of neuroblastoma and sarcomas in children, 

significantly reduced analysis time, and was well received by 

clinicians. However, several limitations (small dataset, 

single-centre design, imperfect specificity and inability to detect 

occult bone marrow metastases) must be addressed before clinical 

deployment. The system is best viewed as a supportive tool that 

standardises measurements, flags suspicious lesions and 

accelerates workflow, while final staging decisions remain the 

responsibility of the multidisciplinary tumour board. 

Conclusion 

This study demonstrated that a multimodal artificial intelligence 

system integrating MRI tumour segmentation, CT metastasis 

detection and natural language processing of radiology reports can 

achieve high accuracy (92.8%) for automated staging of 

neuroblastoma and sarcomas in children. The system reduced 

analysis time from approximately 45 minutes to 8 minutes per 

patient compared with manual reading. 

The segmentation module achieved a mean Dice coefficient of 

0.79 for neuroblastoma and 0.81 for sarcomas, which is close to 

interobserver agreement among expert radiologists. The metastasis 

detector showed high sensitivity (0.95) but lower specificity (0.85), 

with false positives mainly due to small benign pulmonary 

nodules. The NLP module successfully extracted staging-relevant 

information from Russian-language radiology reports, contributing 

an estimated 6% improvement in overall accuracy compared with 

imaging alone. 

Several limitations require attention before clinical deployment. 

The sample size (n=84) is modest, especially for rare sarcoma 

subtypes. The study was single-centre and retrospective, which 

may introduce selection bias. The system cannot detect occult bone 

marrow micrometastases that are invisible on MRI or CT, an 

inherent limitation of imaging-based staging. Specificity for 

metastasis detection needs improvement to reduce false-positive 

alerts. 

For the Russian healthcare system, where paediatric radiology 

expertise is unevenly distributed, an AI staging assistant could 

reduce diagnostic delays and standardise care across regions. 

Prospective multicentre validation is the necessary next step. The 

system should be regarded as a supportive tool that augments 

rather than replaces physician decision-making. Final staging 

responsibility remains with the multidisciplinary tumour board. 
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