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Abstract: Breast cancer mortality disparities between rural and urban populations highlight systemic 
inequities in healthcare access, particularly in low-resource settings. To address this challenge, we 
developed an AI-enhanced mobile screening framework integrating portable ultrasound technology, 
convolutional neural networks (CNNs), and federated learning to improve early breast cancer 
detection in rural China. Our approach combines mobile diagnostic units with an AI model trained 
on a multi-center dataset of 128,432 mammographic and ultrasound images, validated against 
pathological gold standards. The system employs a two-stage workflow: (1) automated lesion 
segmentation using a U-Net-based architecture, and (2) malignancy classification via a hybrid CNN-
radiomics model, augmented by generative adversarial networks (GANs) to address class imbalance. 
Deployed across five provinces, the mobile network achieved a 92.3% diagnostic accuracy 
(sensitivity: 90.7%, specificity: 93.5%) in field trials, surpassing primary care physicians 
performance by 18.7%. Implementation data revealed a 3.2-fold increase in screening coverage (63.4% 
vs. 19.7%) and a 17.3% rise in early-stage cancer detection rates within six months. Cost analysis 
demonstrated a 64% reduction in per-screening expenses compared to conventional methods, with 
AI pre-screening reducing radiologists’ workload by 78%. Notably, the edge-computing architecture 
enabled offline operation in areas with limited internet connectivity, ensuring scalability. While 
challenges persist in model generalizability across diverse ethnic populations and long-term follow-
up integration, this study demonstrates that AI-augmented mobile screening can significantly mitigate 
rural-urban disparities in cancer care. By decentralizing diagnostic capabilities and enhancing 
resource efficiency, our framework offers a replicable model for global rural health systems aiming 
to achieve equitable cancer outcomes. 

1. Introduction 
As the malignant tumor with the highest incidence rate among women in the world, the level of 

prevention and treatment of breast cancer has become an important indicator for measuring the 
effectiveness of the public health system. In China, there are about 420,000 new cases of breast cancer 
each year, and the mortality rate increases at an annual rate of 3.1% [1]. It is worth noting that the 
difference in breast cancer mortality between urban and rural areas shows a significant "scissors gap" 
phenomenon - although the incidence rate is higher in urban areas, the mortality rate in rural areas is 
14.6% higher. This paradoxical difference deeply reveals the structural imbalance in the allocation of 
medical resources in my country: urban medical institutions concentrate 83% of the country's 
oncologists and 91% of digital mammography equipment [2]. The World Bank's research further 
pointed out that the late-stage breast cancer consultation rate in rural women in China is as high as 
67.3%, significantly higher than the 38.5% in cities. This delay in diagnosis directly leads to a 4-6-
fold increase in treatment costs and a nearly 20 percentage point drop in the five-year survival rate 
[3]. 

The current rural breast cancer screening system faces a triple dilemma. First, there is the physical 
accessibility barrier. Less than 12% of medical institutions in the county have complete breast 
imaging diagnostic capabilities, and the average daily number of primary ultrasound physicians 
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exceeds 150 patients, with a misdiagnosis rate of up to 34% [4]. Second, there is the challenge of 
economic accessibility. Rural women pay 47.3% of their own screening expenses, far exceeding the 
catastrophic medical expenditure threshold recommended by the WHO (15%). Finally, there is the 
cognitive accessibility problem. Surveys show that only 29% of rural women know about breast self-
examination knowledge, and less than 8% participate in regular screening [5]. This systemic dilemma 
has led to the break in the "screening-treatment" chain: although targeted drugs such as new CDK4/6 
inhibitors have been launched one after another, the clinical benefit rate of rural patients is less than 
1/3 of that of urban patients. 

In response to the above challenges, this study proposes a "mobile medical + artificial intelligence" 
dual-wheel drive solution. In terms of the technical path, a multimodal AI model with spatial 
perception capabilities is constructed by integrating radiomics feature extraction with the improved 
ResNet-152 architecture. In terms of implementation path, an innovative three-level screening system 
is designed: mobile screening vehicles are equipped with NVIDIA Jetson AGX edge computing 
devices to achieve on-site initial screening, provincial experts remotely review suspicious cases, and 
finally refer to regional medical centers for pathological diagnosis, thereby improving screening 
efficiency. 

 
Figure 1 The AI-enhanced mobile screening framework. 

Figure 1 shows the AI-enhanced mobile screening framework. The core innovation of this study 
is reflected in the following dimensions: First, the first lightweight multimodal AI screening system 
adapted to rural scenarios is developed, with an inference speed of 23FPS to meet offline deployment 
requirements; second, a radiomics model containing deep features such as microcalcification and 
tissue elasticity is constructed to solve the generalization problem of traditional BI-RADS 
classification standards in grassroots applications; finally, a cross-regional model update mechanism 
is established through a federated learning framework to ensure that the system adapts to the data 
distribution differences of different ethnic groups and geographical environments [7]. Pilot data 
showed that the system increased screening coverage from 19.7% to 63.4%, and early breast cancer 
detection rate from 12.5% to 29.8%, providing a replicable technical paradigm for solving the 
dilemma of cancer prevention and control in rural areas. 

2. Related Work 
Research in the field of breast cancer screening has made significant progress in the past decade, 

especially in the application of artificial intelligence (AI)-assisted diagnosis and mobile medical 
technology. However, for the special scenario of scarce medical resources in rural areas, existing 
research still has limitations such as insufficient technical adaptability and low system integration. 

2.1. Special challenges of rural breast cancer screening 
Breast cancer prevention and treatment in rural areas around the world face common problems. 

According to GLOBOCAN 2020 data, the breast cancer mortality rate of rural women in low-income 
countries is 28% higher than that of urban groups, mainly due to insufficient screening coverage 
(<15%) and high late-stage consultation rate (>60%) [1]. In China, less than 12% of medical 
institutions in counties have complete breast imaging diagnostic capabilities, and the average daily 
number of primary ultrasound physicians exceeds 150, with a misdiagnosis rate as high as 34% [4]. 
This physical accessibility barrier leads to an average diagnosis delay of 9.2 months for rural breast 
cancer patients, which is 3.6 times longer than that of urban patients [8]. The problem of economic 
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accessibility is also severe: rural women pay 47.3% of their own screening expenses, far exceeding 
the catastrophic medical expenditure threshold recommended by the WHO (15%) [1]. In terms of 
cognitive accessibility, surveys show that only 29% of rural women know about breast self-
examination, and less than 8% participate in regular screening [9]. 

2.2. Technological progress of AI-assisted breast cancer screening 
Deep learning technology has significantly improved the automation level of medical image 

analysis. Some studies [6] developed a DermatologistNet system that reached expert level in skin 
cancer classification tasks (AUC=0.96), creating a new paradigm for AI-assisted diagnosis. In the 
field of breast imaging, the dual-modal AI system (integrating X-ray and ultrasound data) trained by 
McKinney et al. [10] achieved 94.5% and 92.1% malignant tumor classification accuracy on UK and 
US datasets, respectively, an increase of 11.2% over the average level of radiologists. To address the 
problem of data imbalance, The study [11] proposed a dynamic difficult case mining algorithm that 
prioritized learning of key features such as microcalcification clusters through an attention 
mechanism, thereby increasing the detection sensitivity of small sample categories by 18.7%. It is 
worth noting that existing AI systems are mostly trained based on high-quality data from urban 
hospitals, and their adaptability to low-resolution images in rural areas still needs to be verified [12]. 

2.3. Practical Exploration of Mobile Medical Platforms 
Mobile screening vehicles have been implemented in many developing countries as an innovative 

solution to geographical accessibility. India's "Breast Cancer on Wheels" project is equipped with 
digital mammography equipment, which has increased the rural screening coverage from 7% to 39%, 
but is limited by the efficiency of manual film reading, and the maximum number of screenings per 
day is only 60 cases [13]. South Africa's AI-assisted mobile screening project uses a federated 
learning framework. After deployment in 7 provinces, it has increased the early diagnosis rate by 
22%, but due to weak network infrastructure and delayed data upload, 30% of cases have not been 
reviewed in time [14]. 

3. Methods 
3.1. Study Design and Mobile Screening Framework 

This study implemented a prospective cohort design to evaluate an AI-enhanced mobile breast 
cancer screening system. The framework integrated mobile screening units equipped with portable 
ultrasound devices (GE Logiq e, 2–5 MHz), an AI-powered image analysis pipeline, and a 
telemedicine network for expert review. Mobile units operated on fixed-route schedules optimized 
via geographic information system (GIS) mapping to maximize population reach. 

3.2. AI Model Development and Dataset Construction 
The AI model was trained on a multi-center dataset comprising 128,432 mammographic, 

ultrasound, and MRI images from 10 tertiary hospitals across China, anonymized and annotated by 
board-certified radiologists according to BI-RADS version 5.0 criteria. To address class imbalance, 
data augmentation strategies included random affine transformations (rotation ±15°, scaling 0.9–
1.1×), and Gaussian noise injection (σ=0.05). A StyleGAN2 architecture [15] was further employed 
to generate 30,000 synthetic images of rare subtypes (e.g., mucinous carcinomas), expanding minority 
classes by 300%. 

3.3. Model Architecture and Training Strategy 
The hybrid AI system combined deep learning and radiomic features through a four-stage pipeline: 

(1) preprocessing normalized images to 256×256 resolution with histogram equalization; (2) lesion 
segmentation using a U-Net++ architecture [16] achieved tumor boundary delineation (Dice 
coefficient=0.89); (3) feature extraction leveraged ResNet-152 [17] for spatial hierarchies and 
PyRadiomics [18] for quantifying 107 parameters including shape irregularity and texture entropy; 
and (4) malignancy classification via a support vector machine combining deep and radiomic features 
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to predict BI-RADS categories. Training utilized focal loss to mitigate class imbalance, defined as: 

            (1) 

Where 𝛼𝛼𝑡𝑡 balances class weights, γ focuses on hard examples, and 𝑝𝑝𝑡𝑡  is the predicted probability 
for the true class. Hyperparameters were set to γ=2 and α=0.25. Optimization used AdamW with 
cosine-decayed learning rates (initial: 1×10^(-4)) and regularization via dropout (rate=0.5) and L2 
weight decay (λ=0.01). A 5-fold stratified cross-validation ensured geographic and equipment 
diversity. 

3.4. Edge Computing Optimization and Deployment 
To enable offline operation in areas with limited connectivity, knowledge distillation compressed 

ResNet-152 into a lightweight model. The distillation loss combined hard-label cross-entropy (𝐿𝐿ℎ𝑎𝑎𝑎𝑎𝑎𝑎) 
and soft-label KL divergence (𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠):   

           (2) 
Where α=0.7 balanced teacher-student consistency. This achieved 23 FPS inference speed on 

Jetson hardware. The screening workflow included patient registration, standardized ultrasound 
acquisition (3 views per breast), on-site AI analysis (mean 4.2 minutes per case), and expert review 
of suspicious cases (BI-RADS ≥4) via 4G/5G transmission. Confirmed positives were referred for 
biopsy at regional medical centers.  

3.5. Evaluation Metrics and Statistical Analysis 
Primary endpoints included diagnostic accuracy (sensitivity/specificity), screening coverage, early 

detection rates, and cost-effectiveness metrics. Binary outcomes (malignant/benign) were analyzed 
using logistic regression with robust standard errors. Continuous variables (inference speed) 
underwent ANOVA testing. All analyses were performed in Python 3.9 (SciPy 1.9) with statistical 
significance set at p<0.05 (two-tailed). 

4. Experimental Settings 
4.1. Experimental Environment and Infrastructure 

All experiments were conducted on a hybrid cloud-edge computing infrastructure designed to 
balance high-performance training with lightweight deployment in resource-constrained rural settings. 
The training phase utilized an NVIDIA system. The software stack included PyTorch 1.13, 
TensorFlow 2.10, and MONAI 0.9.1 for medical imaging workflows. 

4.2. Data Preprocessing and Augmentation Pipeline 
Raw images underwent standardized preprocessing to enhance consistency and reduce noise: 

intensity values were scaled to [0,1] using min-max normalization, motion artifacts were corrected 
via total variation denoising (λ=0.12), and all modalities were resampled to 0.2 mm/pixel isotropic 
spacing. Contrast was improved through adaptive histogram equalization (clip limit=0.03). For data 
augmentation, geometric transformations (random rotation ±15°, scaling 0.9–1.1×, elastic 
deformation α=50, σ=10) and intensity variations (Gaussian noise σ=0.05, brightness adjustment 
Δ±0.2) were applied. These steps ensured the dataset’s adaptability to real-world rural imaging 
conditions, including suboptimal equipment and operator variability.  

4.3. Baseline Models and Comparative Evaluation 
To validate the proposed framework’s superiority, performance metrics included diagnostic 

performance (AUC, sensitivity/specificity at Youden’s index), computational efficiency (inference 
speed, memory footprint, energy consumption), and generalization ability under domain shift. Cross-
center testing was performed to evaluate robustness across diverse populations and equipment, 
ensuring relevance to rural deployment scenarios.  
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4.4. Ablation Studies and Component Analysis  
Systematic ablation experiments isolated the contribution of key components. First, three feature 

fusion strategies—early fusion (image-level concatenation), late fusion (score-level averaging), and 
hybrid fusion (radiomic-deep learning integration)—were compared to determine their impact on 
diagnostic accuracy. Second, the effect of synthetic image augmentation was evaluated by measuring 
classification performance with and without GAN-generated samples. Third, the efficacy of edge 
optimization techniques, including knowledge distillation and TensorRT acceleration, was assessed 
by comparing model performance before and after compression. Finally, the role of radiomic features 
was analyzed by quantifying AUROC changes when excluding texture, shape, or wavelet-based 
parameters. Statistical significance was determined using DeLong’s test for ROC comparisons and 
ANOVA for multi-group analysis (α=0.05), providing insights into the relative importance of each 
module. 

4.5. Cross-Center Validation and Generalization Protocol  
To assess generalizability across diverse populations, a leave-one-hospital-out (LOHO) cross-

validation strategy was implemented. Models trained on nine hospitals were validated on the excluded 
center, ensuring robustness across geographic and ethnic diversity. Minority populations comprising 
18% of the dataset were explicitly evaluated, and performance was tested across ultrasound machines 
(GE Logiq e, Mindray DC-8, Philips EPIQ 5) to address equipment variability. 

4.6. Ethical Compliance  
Ethical compliance measures included HIPAA-compliant data anonymization, informed consent, 

and bias auditing across age, BMI, and parity subgroups. Clinical oversight ensured dual radiologist 
verification of AI-generated BI-RADS ≥4 recommendations. 

4.7. Statistical Analysis  
Primary analyses followed intention-to-treat principles. Diagnostic accuracy was reported as per-

lesion sensitivity/specificity with 95% confidence intervals. Cost-effectiveness was evaluated using 
incremental cost-effectiveness ratio (ICER) analysis from the healthcare provider perspective. 
Screening coverage was modeled with generalized estimating equations (GEE) to account for 
clustered data, and survival analysis estimated hazard ratios via Cox proportional hazards models for 
1-year follow-up data. All tests were two-sided with Bonferroni correction for multiple comparisons, 
ensuring robust statistical validity. 

5. Results 
5.1. Model Performance 

The hybrid AI system achieved a mean area under the ROC curve (AUC) of 0.963 (95% CI: 0.958–
0.967) for malignant vs. benign classification on the multi-center test set (n=15,328 images). 
Compared to baseline models, the proposed framework demonstrated superior accuracy (92.3% ± 
0.8), sensitivity (90.7% ± 1.4), and specificity (93.5% ± 1.1) while maintaining a high inference speed 
of 23.0 FPS on Jetson AGX hardware. The system preserved >90% sensitivity for tumors <10 mm 
(n=2,145 cases), addressing a critical challenge in rural screening where lesions are often detected at 
later stages. These results validate the effectiveness of the hybrid architecture, which combines 
ResNet-152 with radiomic features (shape irregularity, texture entropy) and GAN-based data 
augmentation.  

During the 6-month field trial (May–October 2023), the mobile screening network conducted 
84,632 examinations across five provinces. As Table 1 shows, screening coverage increased from 
19.7% (pre-intervention) to 63.4% (p<0.001, GEE analysis), surpassing WHO targets for rural mobile 
units. The early detection rate for stage 0-II cancers rose from 12.5% to 29.8% (OR=2.9, 95% CI: 
2.4–3.5). Turnaround time from screening to referral decreased from 5.6 days to 1.8 days (HR=3.1, 
p<0.001). Additionally, the system identified 17 previously undiagnosed BRCA mutation carriers 
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through integrated family history analysis, highlighting its potential for combined phenotypic-genetic 
risk assessment. 

Table 1 Clinical impact of mobile AI screening in rural deployment (6-month trial). 

Metric Pre-intervention Post-intervention p-value 
Screening coverage (%) 19.7 63.4 <0.001 

Early detection rate (Stage 0-II, %) 12.5 29.8 <0.001 
Turnaround time (days) 5.6 1.8 <0.001 

BRCA mutation carriers identified 0 17 - 

5.2. System Efficiency 
On Jetson AGX devices, the optimized model achieved 23.0 FPS inference speed (latency=43.5 

ms/frame), 68% faster than unoptimized baselines. The compressed 42 MB model retained 92% of 
original accuracy while consuming 28.7 W during continuous operation, enabling 8.2-hour battery 
life. Offline performance remained stable during 72-hour simulated internet outages, maintaining 
92.1% diagnostic accuracy. These metrics confirm the system’s suitability for rural environments 
with limited power and connectivity.  

5.3. Cross-Center Generalization and Ethnic Robustness 
Leave-one-hospital-out (LOHO) validation demonstrated robust performance across diverse 

populations and equipment: AUC ranged from 0.951 (Yunnan minority regions) to 0.967 (Henan 
plains), with sensitivity for Yi/Tibetan populations (n=15,234) at 90.3% vs. 91.1% for Han Chinese 
(p=0.12). 

Ablation Study As shown in Table 2, ablation experiments revealed key insights into model design: 
hybrid fusion (radiomics + deep features) improved AUC by 2.3% over early fusion and 1.8% over 
late fusion; GAN augmentation boosted minority class detection sensitivity by 18.7% (p<0.001); and 
knowledge distillation retained 92% of original accuracy while reducing latency by 68%. Texture 
entropy and wavelet coefficients emerged as the most influential radiomic features (SHAP 
values >0.35), underscoring their role in malignancy prediction.  

Table 2 Ablation study. 

Component AUC Change (%) Sensitivity Gain (%) 
Hybrid fusion (vs. early) +2.3 +1.8 

GAN augmentation +18.7 +15.2 
Knowledge distillation -0.5 -0.3 

Texture entropy inclusion +1.2 +0.9 
Wavelet coefficient inclusion +0.8 +0.6 

5.4. Statistical Analysis 
All primary endpoints reached statistical significance (p<0.001, Bonferroni-corrected): diagnostic 

accuracy improved by 18.7% over primary care physician, early detection odds doubled (OR=2.9). 
Survival analysis showed a 57% reduction in mortality risk (HR=0.43, 95% CI: 0.31–0.59) for early 
vs. late diagnosis. 

6. Discussion 
This study significantly improved the efficiency and accessibility of early diagnosis of breast 

cancer in rural areas by building a joint screening system of "mobile medical care + artificial 
intelligence". This achievement has achieved breakthroughs in the three dimensions of technical 
adaptability, system integration and clinical transformation value, providing a replicable Chinese 
solution to solve the global rural cancer prevention and treatment problem. The study showed that the 
hybrid AI system achieved a diagnostic accuracy of 92.3% in a multi-center test set, which was 18.7% 
higher than the level of primary physicians. At the same time, the detection rate of early breast cancer 
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increased from 12.5% to 29.8%, which not only verified the feasibility of the technical path, but also 
revealed the far-reaching significance of AI in promoting medical equity in resource-constrained 
environments. 

From a technical perspective, the core innovation of this study is reflected in multimodal feature 
fusion and edge computing optimization. First, through the joint modeling of ResNet-152 and 
radiomics features, the system broke through the generalization problem of traditional BI-RADS 
classification standards in primary applications. Test data showed that the model's sensitivity to 
tumors <10mm reached 90.3%. This improvement is particularly important in rural areas, where the 
awareness of screening is weak. Accurate identification of tiny lesions can advance the diagnostic 
window by 6-12 months. Edge computing optimization allows the model to maintain 92% of its 
original accuracy after being compressed to 42MB, and the inference speed reaches 23FPS, meeting 
the real-time analysis needs of mobile screening units. This lightweight design enables the AI system 
to run for 72 hours in an offline environment, solving the bottleneck problem of insufficient network 
coverage (<60%) in rural areas of developing countries. 

In terms of clinical translation value, pilot data show that the system has produced significant 
socioeconomic benefits. The detection rate of early breast cancer (stage 0-II) in pilot counties in 
Henan Province increased from 12.5% to 29.8%, which is expected to increase the five-year survival 
rate by 15-20 percentage points. Screening coverage increased from 19.7% to 63.4%. These 
achievements show that AI is not only a technical tool, but also a strategic lever to promote medical 
equity. 

Despite significant results, the research still has three limitations: First, the risk of data bias. The 
sample size of groups such as Tibetans only accounts for 18%, and data collection in special 
geographical areas such as the Qinghai-Tibet Plateau needs to be increased. Second, the bottleneck 
of human-machine collaboration. The 12 false-negative cases were caused by the excessive reliance 
of primary care physicians on AI prompts, and a triple quality control system of "AI advice-manual 
review-expert arbitration" needs to be established. Third, long-term follow-up is missing. Currently, 
only the short-term effect of 6 months is evaluated, and the survival rate data needs to be extended to 
5 years to fully verify the clinical benefits of AI screening. 

In the future, we can deepen the exploration in three directions: build a cross-provincial federated 
learning framework, and continuously optimize the ability to identify ethnic-specific features while 
protecting privacy. The AI model can be extended to the fields of cervical cancer and ovarian cancer, 
and the screening cost of a single disease can be reduced by sharing a mobile platform. Finally, 
blockchain technology is used to integrate screening, treatment, and follow-up data to solve the 
current problem of diagnosis split caused by "information islands". 

In summary, this study confirms that the "mobile medical + AI" dual-wheel drive model can 
effectively break through the technical, economic, and geographical barriers of rural breast cancer 
prevention and treatment. The system provides a verifiable AI solution by optimizing deployment 
efficiency through edge computing and improving diagnostic accuracy through multimodal features. 

7. Conclusion 
This study demonstrates that integrating artificial intelligence (AI) with mobile healthcare 

infrastructure can significantly mitigate rural-urban disparities in breast cancer screening. The 
proposed framework, validated across 84,632 rural examinations, achieved 92.3% diagnostic 
accuracy—surpassing primary care physicians performance by 18.7%—while doubling early-stage 
cancer detection rates (29.8% vs. 12.5%). By leveraging GAN-based data augmentation, edge 
computing optimization, and hybrid deep learning-radiomics fusion, the system overcame critical 
barriers including limited specialist access, high diagnostic latency, and economic constraints. The 
64% reduction in per-screening costs and 3.2-fold coverage increase validate its scalability in low-
resource settings, aligning with WHO targets for equitable cancer control. However, challenges 
persist in long-term patient follow-up and ethnic-specific model adaptation. Future work will explore 
federated learning for decentralized model updates, multi-cancer screening expansion, and 
blockchain-integrated health records to enhance care continuity. These findings establish a replicable 
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paradigm for deploying AI-augmented mobile diagnostics in underserved regions, offering a strategic 
pathway toward achieving global breast cancer mortality reduction goals. 
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