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Abstract 
[bookmark: _Hlk227402346]Cancer remains a major global health challenge, with a disproportionate burden in low- and middle-income countries (LMICs), where limited diagnostic capacity contributes to delayed detection and poor clinical outcomes. Histopathology is the gold standard for cancer diagnosis; however, its effectiveness in resource-limited settings is constrained by shortages of trained personnel, inadequate infrastructure, and prolonged turnaround times. Digital pathology, particularly whole-slide imaging, has emerged as a transformative approach that enables remote analysis, improved workflow efficiency, and enhanced access to specialist expertise. The integration of artificial intelligence, especially deep learning, has further expanded the capabilities of digital pathology by enabling automated tumour detection, grading, and biomarker prediction with high diagnostic accuracy. This review critically examines the current state of digital pathology and artificial intelligence in cancer diagnostics, with a focus on their application in resource-limited settings. Key clinical applications, including tumour detection, proliferation index assessment, and prognostic modelling, are discussed alongside major implementation challenges such as data scarcity, algorithmic bias, regulatory complexity, and infrastructural limitations.Emerging strategies, including federated learning, low-cost computational models, and integration with telepathology systems, offer promising pathways for scalable adoption. However, widespread clinical implementation will require rigorous validation, standardized workflows, and sustained investment in digital infrastructure.Overall, artificial intelligence-driven digital pathology holds significant potential to improve diagnostic accuracy, enhance efficiency, and expand access to cancer care globally. Its successful deployment in LMICs will depend on context-specific solutions, multidisciplinary collaboration, and careful consideration of ethical and operational challenges.
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Introduction
Cancer remains a leading cause of morbidity and mortality worldwide, with a disproportionately high burden in low- and middle-income countries (LMICs)(1). Current estimates indicate that nearly 70% of cancer-related deaths occur in LMICs, where healthcare systems are often constrained by limited infrastructure, insufficient workforce capacity, and restricted access to specialized diagnostic services. A major contributor to poor clinical outcomes in these settings is delayed or inaccurate diagnosis, which frequently results in patients presenting at advanced stages of disease when treatment options are less effective and survival rates are significantly reduce (2)
Histopathology is widely regarded as the gold standard for cancer diagnosis, relying on the microscopic evaluation of stained tissue sections. However, in resource-limited settings, the effectiveness of this approach is undermined by several systemic challenges(3). Chief among these is the severe shortage of trained pathologists, leading to increased workloads, prolonged turnaround times, and potential diagnostic variability. In addition, infrastructural deficiencies, including inadequate laboratory equipment, inconsistent supply of reagents, unreliable electricity, and limited quality assurance systems, further compromise diagnostic accuracy and efficiency (4).
Digital pathology has emerged as a promising solution to these challenges. Through whole-slide imaging, conventional glass slides can be digitized into high-resolution images that can be stored, shared, and analyzed remotely(5). This enables telepathology and facilitates access to expert consultation across geographically distant locations. Furthermore, the integration of artificial intelligence, particularly deep learning techniques, has introduced new capabilities in automated image analysis, including tumour detection, grading, and biomarker prediction(6).
This review critically evaluates the role of digital pathology and artificial intelligence in improving cancer diagnostics in resource-limited settings. It examines current technological advancements, clinical applications, implementation challenges, and future directions, with the aim of identifying scalable and context-appropriate solutions for LMICs.

2 Digital Pathology: Current State 
Digital pathology represents a major advancement in diagnostic medicine, enabling the conversion of conventional glass slides into high-resolution digital images for analysis, storage, and sharing. Central to this transformation is whole-slide imaging, which allows complete histological slides to be digitized and examined using electronic platforms(7). This technology supports remote diagnosis, consultation, and education, thereby improving workflow efficiency and expanding access to specialist pathology services(8). 
Multiple validation studies have demonstrated high concordance between diagnoses made using whole-slide images and those obtained through traditional light microscopy, supporting the reliability of digital pathology for routine clinical use(9). In response to increasing adoption, professional bodies such as the College of American Pathologists have developed guidelines to standardize validation procedures and ensure safe clinical implementation(10).
Beyond digitization, digital pathology enables the extraction of quantitative image data that can be leveraged for computational analysis. When integrated with machine learning techniques, these data facilitate the identification of complex morphological patterns that may not be readily apparent through manual review(11). As a result, digital pathology serves as a foundational platform for the development and deployment of artificial intelligence tools in diagnostic workflows(12).
 2.1. Whole-Slide Imaging 
Whole-slide imaging is a core component of digital pathology and involves several sequential processes, including image acquisition, storage, processing, and visualization. The process begins with standard histological preparation, which includes tissue fixation in formalin, paraffin embedding, sectioning into thin slices, and staining using appropriate histochemical or immunohistochemical techniques(13). These steps are critical to ensuring adequate preservation of tissue morphology and diagnostic features.
The sequential steps involved in whole-slide imaging and downstream analysis are illustrated in Figure 1.
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Figure 1. Workflow of whole-slide imaging in digital pathology, including tissue preparation, image acquisition, processing, and integration with artificial intelligence for diagnostic analysis(14) 
.
Following preparation, slides are digitized using high-resolution scanners equipped with automated stage systems and advanced optical components. These scanners capture multiple adjacent fields of view at varying magnifications, which are subsequently stitched together using specialized software to generate a complete high-resolution digital image(15). The choice of magnification and scanning parameters depends on the clinical application, with higher magnifications providing greater detail for cellular analysis(16).
Once acquired, whole-slide images undergo processing and are stored in digital repositories that allow efficient retrieval and sharing. Visualization is performed using specialized software platforms that enable pathologists to navigate, zoom, and annotate images in a manner comparable to traditional microscopy(17). Different imaging modalities are available, including bright-field, fluorescence, and multispectral imaging. Bright-field imaging is most commonly used in routine histopathology, while fluorescence and multispectral techniques are particularly valuable in molecular and research applications where multiple biomarkers are assessed simultaneously(18).

2.2 Adoption of digital pathology in High-Income Countries
 The adoption of digital pathology has been most advanced in high-income countries, where healthcare systems are supported by robust infrastructure, sufficient funding, and established regulatory frameworks. In these settings, whole-slide imaging has been successfully integrated into routine clinical workflows, supported by high-speed internet connectivity, secure data storage systems, and access to high-performance computing resources(19).
Digital pathology has proven particularly valuable in subspecialty practice, where expert pathologists are often concentrated in specialized centers(20). The ability to share digital slides enables remote consultation and collaboration, improving diagnostic accuracy and reducing delays in clinical decision-making. In addition, digital workflows reduce the risk of slide loss or damage and enhance case tracking and laboratory efficiency(21).
The increasing integration of artificial intelligence has further accelerated the adoption of digital pathology in these regions. AI tools are being incorporated into diagnostic workflows to assist with tasks such as tumour detection, grading, and biomarker quantification(22). These tools improve reproducibility and can reduce inter-observer variability, particularly in complex or high-volume cases. However, their implementation is typically supported by strong institutional capacity, which remains a limiting factor in lower-resource settings(23).
 3. Artificial Intelligence in Pathology 
Artificial intelligence is increasingly transforming the field of pathology by enabling automated, data-driven analysis of histopathological images. These technologies have the potential to improve diagnostic accuracy, enhance efficiency, and reduce variability in interpretation. Broadly, artificial intelligence approaches in pathology can be categorized into traditional machine learning and deep learning methods(24).
Machine learning methods rely on the extraction of predefined features from images, such as cell morphology, texture, and staining intensity. These features are then used to train algorithms, including support vector machines and decision trees, to perform classification or prediction tasks(25). While effective in certain applications, these approaches are limited by their dependence on manual feature engineering and their reduced ability to capture complex patterns in high-dimensional data(26)
In contrast, deep learning methods, particularly convolutional neural networks, learn features directly from raw image data without the need for manual feature selection. These models are capable of analyzing large and complex datasets, including whole-slide images, and can identify subtle morphological patterns associated with disease(26). As a result, deep learning has demonstrated superior performance in a wide range of pathology applications, including tumour detection, classification, and prognostic prediction(26)
Despite these advantages, the clinical implementation of artificial intelligence remains challenging. Deep learning models require large, well-annotated datasets and substantial computational resources, which may not be readily available in resource-limited settings(27). 

3.1 Applications of Artificial Intelligence in Pathology
Artificial intelligence has demonstrated substantial potential across multiple domains in pathology, including tumour detection, grading, and biomarker prediction. These applications aim to improve diagnostic accuracy, reduce workload, and enhance reproducibility in clinical practice(28).
Tumour Detection
Deep learning models have shown high sensitivity and specificity in identifying malignant regions within histopathological images(29). By rapidly analyzing large volumes of data, these systems can assist pathologists in screening slides, highlighting suspicious regions, and prioritizing cases for review. This is particularly valuable in high-volume laboratories and resource-constrained settings where specialist availability is limited(30).
However, many reported results are derived from curated datasets developed in controlled environments. As a result, model performance may decline when applied to real-world data characterized by variability in staining, tissue preparation, and scanner types(31). This limitation underscores the importance of external validation across diverse clinical settings before widespread implementation(32). An example of an artificial intelligence workflow for tumour detection and tissue classification is shown in Figure 2.
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Figure 2. Workflow of an artificial intelligence model for tumour detection and tissue classification in histopathological images, including data acquisition, annotation, model training, and validation(33).
Tumour Grading and Proliferation Index Assessment
Artificial intelligence has been increasingly applied to tumour grading, including the automated evaluation of proliferation markers such as the Ki-67 index in neuroendocrine tumours(34). These systems typically involve image pre-processing, nuclei segmentation, and classification of cells into positive and negative categories based on staining characteristics.
Automated quantification improves reproducibility and reduces inter-observer variability, which is a well-recognized limitation of manual assessment(35). In addition, AI-based systems can process images rapidly, supporting more efficient diagnostic workflows. Despite these advantages, variability in staining protocols and image quality can significantly affect performance, highlighting the need for standardized laboratory practices and robust validation(36). The computational pipeline for automated Ki-67 assessment and spatial analysis is illustrated in Figure 3.
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Figure 3. Computational pipeline for automated Ki-67 analysis, including nuclei detection, classification, heatmap generation, and spatial heterogeneity assessment(37).
Biomarker Prediction and Prognostic Modelling
Recent advances in artificial intelligence have enabled the prediction of clinically relevant biomarkers and patient outcomes directly from routine histopathology images. Deep learning models can extract complex, high-dimensional features that correlate with disease progression, recurrence risk, and overall survival(38).
These approaches provide a non-invasive and potentially cost-effective alternative to molecular testing, with applications in risk stratification and personalized treatment planning(39). However, most models have been developed using retrospective datasets and require further validation in large, multi-center studies to establish their clinical utility. In addition, issues related to interpretability and integration into clinical workflows remain important challenges(40).
 4. Limitations 
Despite the significant promise of artificial intelligence in pathology, several critical limitations must be addressed before widespread clinical implementation can be achieved, particularly in resource-limited settings(41).
One of the primary challenges is the scarcity of large, high-quality annotated datasets. Deep learning models require extensive, accurately labeled data to achieve reliable performance(42). However, in many healthcare systems, especially in low- and middle-income countries, digital pathology data are limited or unavailable. Even when datasets exist, annotation quality may vary due to inter-observer variability among pathologists(43). This inconsistency can negatively affect model training and reduce diagnostic accuracy. In addition, the process of generating detailed annotations is time-consuming and resource-intensive, further constraining dataset availability(44).
Algorithmic bias and limited generalizability represent another major concern. Many artificial intelligence models are developed using datasets derived from high-resource settings, which may not reflect the diversity of global patient populations or laboratory practices(45). Variations in tissue preparation, staining protocols, scanner types, and image resolution can lead to significant performance degradation when models are applied in different environments. This raises important concerns regarding equity, as biased models may produce less accurate results in underrepresented populations(46).
Regulatory and ethical challenges also complicate the integration of artificial intelligence into clinical workflows. The adaptive nature of many AI systems presents difficulties for regulatory approval, as models may evolve over time. In addition, questions regarding accountability in cases of diagnostic error remain unresolved(47). It is often unclear whether responsibility lies with developers, clinicians, or healthcare institutions. Data privacy is another critical issue, particularly when cloud-based systems are used for image storage and analysis, requiring strict compliance with data protection regulations(48).
Financial and infrastructural barriers further limit adoption. The implementation of digital pathology and artificial intelligence requires substantial investment in slide scanners, computing infrastructure, data storage systems, and software(49). Ongoing costs related to maintenance, system upgrades, and cybersecurity must also be considered. These financial requirements are often beyond the capacity of resource-limited healthcare systems(50).
Finally, unreliable power supply and limited digital infrastructure pose significant operational challenges in many settings. Frequent power outages can disrupt workflows, damage equipment, and result in data loss(51). In addition, limited internet connectivity can hinder the transfer of large image files and restrict access to cloud-based tools. These constraints must be addressed to enable the effective and sustainable deployment of artificial intelligence in pathology(52).
 5. Discussion 
[bookmark: _Hlk227402480]The integration of artificial intelligence into digital pathology represents a significant shift in the landscape of cancer diagnostics, with the potential to address longstanding disparities in access to quality pathology services(53). This is particularly relevant in low- and middle-income countries, where shortages of trained pathologists and limited infrastructure continue to hinder timely and accurate diagnosis(54).
While numerous studies have reported high diagnostic performance of artificial intelligence models in tasks such as tumour detection, grading, and biomarker prediction, these findings must be interpreted with caution(55). Many models are developed and validated using curated datasets obtained from high-resource settings. As a result, their performance may not be directly transferable to diverse clinical environments characterized by variability in staining protocols, slide preparation techniques, and imaging equipment. This limitation highlights the need for robust external validation across heterogeneous datasets before widespread clinical implementation(56).
Despite these challenges, artificial intelligence offers a unique opportunity for resource-limited settings to expand diagnostic capacity without fully replicating traditional infrastructure-intensive models(57). A leapfrogging approach, in which emerging technologies are adopted directly, may enable more rapid improvements in access to diagnostic services(58). However, this approach is contingent upon addressing fundamental barriers, including unreliable electricity, limited internet connectivity, high implementation costs, and insufficient technical expertise(59).
Importantly, artificial intelligence should not be viewed as a replacement for pathologists, but rather as a complementary tool that enhances diagnostic accuracy and efficiency(60). Hybrid diagnostic models, in which artificial intelligence systems perform preliminary screening or highlight regions of interest for human review, may provide a more practical and clinically acceptable pathway for integration, particularly in settings with limited specialist availability(61).
From a policy perspective, the successful implementation of artificial intelligence in pathology will require coordinated efforts across multiple stakeholders. Governments must invest in digital infrastructure, establish clear regulatory frameworks, and ensure equitable access to emerging technologies(62). At the same time, researchers and developers should prioritize the design of cost-effective, generalizable, and ethically robust systems that are tailored to diverse clinical contexts(63).
Ultimately, while artificial intelligence-driven digital pathology holds considerable promise, its impact will depend on thoughtful implementation, rigorous validation, and sustained investment in health systems(64). Without these considerations, there is a risk that technological advancements may inadvertently widen existing disparities rather than reduce them(65).

6. Future Directions
Future research should focus on the development of cost-effective and scalable artificial intelligence solutions tailored to resource-limited settings(66). Current digital pathology systems often require expensive hardware, high-performance computing, and proprietary software, which limit their accessibility. The development of lightweight algorithms capable of operating on lower-cost hardware or local servers may significantly reduce barriers to adoption and facilitate wider implementation(67)

Emerging approaches such as federated learning offer promising solutions for collaborative model development while preserving data privacy(68). In this framework, models are trained across multiple institutions without the need to transfer raw patient data, thereby addressing regulatory and ethical concerns related to data sharing. This approach has the potential to improve model generalizability by incorporating diverse datasets from different geographic and clinical contexts(69).
The integration of artificial intelligence with telepathology systems represents another important direction(70). In such models, digital slides can be transmitted to remote specialists, while artificial intelligence tools perform preliminary screening and highlight areas of concern. This combined approach may significantly improve access to diagnostic services in underserved regions where specialist expertise is limited(71).
Advances in real-time image analysis also present opportunities for improving clinical workflows(72). Future systems may provide rapid or near real-time diagnostic support during slide scanning, which could be particularly valuable in time-sensitive settings such as intraoperative consultations and cancer screening programs(73).
Despite these advances, large-scale clinical validation remains essential. Many artificial intelligence systems demonstrate strong performance in controlled research environments but require further evaluation in real-world clinical settings(74). Multi-center studies involving diverse populations, laboratory conditions, and imaging systems are necessary to ensure reliability, safety, and generalizability(75).
7  Conclusion
Artificial intelligence has the potential to significantly transform the field of pathology by improving diagnostic accuracy, efficiency, and accessibility(76). When integrated with digital pathology, these technologies can enhance the consistency of interpretation, reduce diagnostic delays, and support clinical decision-making. This is particularly important in resource-limited settings, where shortages of trained pathologists and infrastructural constraints continue to limit access to timely and accurate cancer diagnosis(77).
However, the successful implementation of artificial intelligence in pathology requires more than technological advancement. Key challenges, including data scarcity, algorithmic bias, regulatory complexity, and infrastructural limitations, must be addressed to ensure safe and equitable adoption(78). Without careful consideration of these factors, there is a risk that the benefits of artificial intelligence may not be realized uniformly across different healthcare settings(79).
Artificial intelligence should be viewed as a complementary tool that augments, rather than replaces, human expertise(80). Collaborative models that combine automated analysis with expert oversight are likely to offer the most effective and clinically acceptable approach, particularly in environments with limited specialist capacity(81).
Moving forward, coordinated efforts among policymakers, researchers, and industry stakeholders will be essential. Investment in digital infrastructure, development of context-appropriate technologies, and implementation of clear regulatory frameworks will play a critical role in enabling sustainable integration(82). With thoughtful deployment and rigorous validation, artificial intelligence has the potential to improve cancer diagnostics globally and contribute to reducing disparities in healthcare access and outcomes(83)
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