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Abstract 
Cancer remains a major global health challenge, with a disproportionate burden in low and middle-income countries (LMICs), with lack of diagnostic services results in late diagnosis and poor outcomes. While histopathology is the standard for cancer diagnosis, its impact in low-resource settings is limited by lack of trained staff, limited resources, and long diagnostic times. These barriers suggest a need for better diagnostic solutions to increase access to timely and accurate cancer diagnosis in LMICs. In this review, we consider the use of digital pathology specifically whole-slide imaging and artificial intelligence (AI) technologies in cancer diagnosis. Results indicate that digital pathology increases access to expert care, facilitates telepathology and optimises diagnostic workflow. AI also assists in automatic tumour detection, tumour grading (such as Ki-67 indication), prediction of molecular biomarkers and prognosis. But reported accuracies are typically on curated data in controlled studies, restricting their broader clinical applicability. The challenges include limited data, algorithmic bias, infrastructural and regulatory hurdles. However, recent developments in federated learning, cost-effective computational models and telepathology integration can provide scalable solutions. But robust validation, workflow integration and continuing investment in digital pathology infrastructure will be needed to achieve this. In general, AI-enabled digital pathology may enhance diagnostic accuracy, efficiency, and global access to cancer care, especially in LMICs, if tailored to the right context and considering ethical aspects.
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1 Introduction
Cancer continues to be a major global burden of disease and death, with the greatest burden in low- and middle-income countries (LMICs), where close to 70% of cancer deaths take place. This is partly due to both resource deficits and inherent flaws in diagnostic processes that can slow down the detection of disease(1). Traditionally, microscopic examination of stained tissues (histopathology) is the gold standard for diagnosing cancer. But in LMICs, its utility is severely hampered by infrastructural and operational challenges(2). Limited numbers of pathologists result in delays in diagnosis and greater variability among observers; and infrastructural problems including deficiencies in laboratory infrastructure, power supply, availability of reagents, and quality assurance measures also contribute to poor diagnostic outcomes. Overall, these problems indicate that the bottleneck is not technological, but structural(3). To address this, digital pathology presents an opportunity to change the status quo. It transforms glass slides into whole-slide images, which can be stored, shared and discussed remotely, in turn delivering expert opinion regardless of geographical distance(4). 
This review was conducted through a systematic search of online databases such as PubMed, Scopus and Google Scholar. We searched for studies using terms like "digital pathology", "whole-slide imaging", "artificial intelligence", "cancer diagnosis", and "low- and middle-income countries (LMICs)".
2 Digital Pathology: Current State 
Digital pathology is a major innovation in diagnostic pathology, allowing the transformation of traditional glass slides into digital images for interpretation, archiving and sharing. Central to this revolution is whole-slide imaging, enabling the digitisation of whole histological sections and their review using electronic media(5). This has opened up new possibilities for remote diagnosis, consultation and training, and has the potential to streamline processes and eliminate geographical barriers to accessing specialist pathology services(6).
Several validation studies have shown high agreement between diagnoses made from whole-slide imaging and glass slide diagnoses made using conventional light microscopy, raising confidence in its diagnostic accuracy in controlled environments (7). However, these studies confirm its potential, such studies have typically been performed in high-resource settings, with its reproducibility in low-resource settings, where technical and infrastructure support may be less reliable, yet to be tested(8). In order to address the increase in acceptance, professional organizations such as the College of American Pathologists have produced standardized validation guidelines to ensure diagnostic safety and reproducibility during deployment(9).
Digital pathology not only facilitates digitization, but also the creation of large-scale quantitative image data, which can be used for computational analysis. These data can be used in conjunction with machine learning techniques to better identify complex patterns that may be difficult to discern by the human eye(10). However, the performance of such methods is heavily reliant on the quality of data, annotations and diversity of the population, all of which present challenges in clinical practice. Consequently, digital pathology serves not only as a diagnostic platform, but also as infrastructure enabling the development of artificial intelligence, albeit with variable translation to the clinic(11).
2.1. Whole-Slide Imaging 
Digital pathology relies on whole-slide imaging (WSI) to generate high-resolution digital images of traditional glass slides that can be viewed, stored and analyzed. WSI starts with routine histological processing, which involves fixation of tissues in formalin, embedding tissues in paraffin, sectioning tissues into thin slices, and staining with histochemical or immunohistochemical techniques(12). These processes are critical for maintaining tissue structure and relevant diagnostic characteristics but variations in pre-analytical steps can introduce artefacts that may impact digital image quality and analysis(13).
Once prepared, slides are scanned with high-resolution scanners containing a motorized stage and sophisticated optics. These devices acquire numerous overlapping images at various magnifications that are digitally tiled to create a whole-slide image. While higher magnifications provide better resolution of cells, they also generate larger images and storage requirements, presenting a balance between diagnostic accuracy and technical practicality especially in low-resource contexts(14). Whole-slide images are then stored in digital archives, allowing for storage, retrieval, sharing, and telepathology consultation. Specialized software enables pathologists to browse, zoom and mark images in a manner similar to traditional microscopy. But the need for robust digital infrastructure, secure storage, and fast network connections are major constraints in resource-limited settings(15).
WSI also accommodates a range of imaging techniques, such as bright-field, fluorescence and multispectral imaging. Bright-field imaging remains the traditional method used for histopathology, and fluorescence and multispectral imaging further enhance molecular and multiplex biomarker analysis. While these latter two techniques provide additional analytical capabilities, they require additional hardware and training(16).
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(17) 

2.2 Adoption of digital pathology in High-Income Countries
 The adoption of digital pathology has progressed most rapidly in high-income countries, largely due to the presence of robust healthcare infrastructure, sustained funding, and well-defined regulatory frameworks(18). In these contexts, whole-slide imaging has been successfully incorporated into routine diagnostic workflows, supported by reliable high-speed connectivity, secure data storage systems, and access to advanced computational resources. However, this successful integration reflects not only technological readiness but also systemic capacity, suggesting that digital pathology functions optimally only when embedded within well-resourced healthcare ecosystems(19).
Within such settings, digital pathology has shown particular value in subspecialty practice, where diagnostic expertise is often concentrated in tertiary or reference centres. The ability to transmit whole-slide images enables remote consultation and multidisciplinary collaboration, which can improve diagnostic confidence and reduce turnaround time(20). At the same time, these advantages also highlight pre-existing inequalities in access to specialist expertise, which digital systems help mitigate rather than eliminate. Additional benefits, such as reduced risk of slide loss and improved case tracking, further enhance laboratory efficiency, although these gains are more pronounced in institutions already equipped with mature laboratory information systems(21).
The integration of artificial intelligence has further strengthened digital pathology workflows in high-income settings, with applications in tumour detection, grading, and biomarker quantification(22). These tools have demonstrated potential to improve reproducibility and reduce inter-observer variability, particularly in high-volume diagnostic environments. However, their performance is closely tied to the availability of large, well-annotated datasets and strong computational infrastructure, conditions that are not universally present(23). Consequently, while AI-enhanced digital pathology is advancing diagnostic precision in well-resourced systems, its broader applicability remains constrained by infrastructural and data-driven dependencies, reinforcing the uneven global translation of these technologies(24).
 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 (25). Broadly, artificial intelligence approaches in pathology can be categorized into traditional machine learning and deep learning methods(26).
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(27). 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(28).
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(29). As a result, deep learning has demonstrated superior performance in a wide range of pathology applications, including tumour detection, classification, and prognostic prediction(30).




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.


Tumour Detection
One of the most well-developed uses of artificial intelligence (AI) in pathology is the detection of tumours through the use of deep learning models to detect cancerous areas in pathology images(31). These models work by identifying visual features of malignant tissue and can quickly analyse whole-slide images to pinpoint regions of interest. This has potential to streamline the diagnostic process, assist triage in busy pathology departments, and help with the problem of a shortage of specialist pathologists, particularly in low-resource environments(32).
However, the performance of many tumour detection models needs to be interpreted with care. They are typically trained and evaluated on curated data sets that are well-controlled with consistent staining, scanning quality, and case selection(33). This can result in a performance drop when tested on clinical data, where inconsistencies in tissue fixation, staining protocols, scanning equipment and artefacts are frequent. These variations can lead to a decrease in sensitivity and specificity, which can impact on the effectiveness of AI-based tumour detection in routine practice(34). 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(35).
Tumour Grading and Proliferation Index Assessment
K-67 is a marker that measures the degree of cell division of cancer cells, and is important in grading tumours, such as neuroendocrine tumours. This marker is related to the presence of a protein known as Ki-67 in the nucleus of cells that are actively engaged in the cell cycle (i.e., proliferating). As such, Ki-67 is used as a surrogate for tumour growth and aggressiveness(36). It is measured using a technique called immunohistochemistry (IHC). A sample from a biopsy or surgical procedure is first subjected to routine histopathological preparation (fixation, embedding, sectioning and slide mounting)(37). The tissue is then stained with an antibody that recognises the Ki-67 protein. This antibody results in a stain (usually brown) in the nuclei of proliferating cells. This results in the staining of tumour cells undergoing proliferation, while those that are not proliferating are not stained(38).
The Ki-67 index is then calculated by counting the number of positively stained tumour cells as a percentage of the total number of tumour cells counted. If 30 of 100 tumour cells display nuclear staining, for instance, the Ki-67 index is 30%(39). This value is significant because it reflects tumour aggressiveness: low Ki-67 values usually correspond to slow-growing, low-grade tumours, whereas high values reflect rapid tumour growth and aggressiveness. For example, in neuroendocrine tumours, Ki-67 is used to grade tumours (G1, G2 and G3), which helps determine treatment options and outlook(40).Ki-67 is usually assessed manually by pathologists using a microscope. But this approach can be variable as different pathologists may choose different regions of the tumour to count or vary in their assessment of staining intensity. To address this, AI-based systems have emerged that automatically identify nuclei, separate stained and unstained cells, and accurately calculate the Ki-67 index(41). These approaches enhance consistency and minimise variability, particularly in large diagnostic workloads. 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(42)
Biomarker Prediction and Prognostic Modelling
Predicting biomarkers and outcomes in cancer with the help of artificial intelligence (AI) is the use of computational models to learn from tissue images, and associate these patterns with molecular features or patient outcomes(43). Rather than relying solely on the visual features that the eye can perceive, these tools quantify information in the tissue images that is invisible to the human eye and use it to predict disease behaviour(44).  Typically, this involves digitized pathology slides from Whole-slide imaging, where images of tissue slices are captured. These images are then divided into smaller segments, in which AI systems particularly deep learning models - are used to evaluate the characteristics of the cells in the tissue, such as the shape of the nuclei, the arrangement of the tissue, the staining pattern and the relative positions of cells(45).
In biomarker prediction tasks, the AI is trained on a collection of samples where the true biomarker status is known (e.g., hormone receptor status, genetic mutations). It's trained to recognize subtle patterns in the tissue that correlate with these labels. It can then predict the biomarker status of new, unlabeled samples based on their image features alone(46). Also, in prognostic modelling, the AI extends this by associating image features with clinical outcomes like survival, recurrence or disease progression. It finds features associated with aggressive or benign disease behaviour and assigns a risk score to each patient. These predictions can help to determine the intensity of treatment or monitoring(47).
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. 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(48). 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. 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(49).
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(50). 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(51).
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(52). In addition, questions regarding accountability in cases of diagnostic error remain unresolved. 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(53)
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(54). 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(55).
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(56). 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(57).
 5. Discussion and Future Directions
The role of artificial intelligence (AI) in predicting cancer biomarkers and outcomes is the use of machine learning models to learn from tissue images, and link these patterns to molecular characteristics or clinical outcome(58). These tools do not only use the visual features that are visible to the human eye, but also quantify features in the tissue images that are not visible and use these to predict disease features(59). Usually this is done with digital pathology slides (Whole-slide imaging) that capture images of tissue sections. These images are then broken up into smaller pieces, in which AI systems (especially deep learning systems) are applied to assess the features of the cells in the tissue, including nuclear shape, tissue architecture, staining pattern and cell proximity(60). For tasks such as predicting biomarkers, AI systems are trained on a set of samples for which the biomarker status is known (e.g., hormone receptor status, genetic mutations). It's taught to identify tissue features that are associated with these labels. It can then classify unlabeled samples based on their image features(61). In the case of prognostic modelling, the AI takes this one step further, linking image features to patient outcomes, such as survival, recurrence or disease progression. It learns to identify features that are associated with high or low risk of disease and generates a risk score for the patient. It can be used to guide treatment or surveillance(62). 
Future research should focus on the development of cost-effective and scalable artificial intelligence solutions tailored to resource-limited settings. Current digital pathology systems often require expensive hardware, high-performance computing, and proprietary software, which limit their accessibility(63). 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. Emerging approaches such as federated learning offer promising solutions for collaborative model development while preserving data privacy(64). 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(65). The integration of artificial intelligence with telepathology systems represents another important direction. 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(66).
Advances in real-time image analysis also present opportunities for improving clinical workflows. 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(67). Despite these advances, large-scale clinical validation remains essential and also, many artificial intelligence systems demonstrate strong performance in controlled research environments but require further evaluation in real-world clinical settings(68). 
6. Conclusion
In conclusion, digital pathology and artificial intelligence (AI) are a significant step forward in the diagnosis of cancer, opening up potential to enhance diagnostic accuracy, efficiency, and access to expert opinion. Digital pathology, with technologies like Whole-slide imaging, can digitalize laboratory workflows, allowing for more efficient diagnosis and remote consultation. With the integration of artificial intelligence, these technologies can further support automatic tumour detection, grading, prediction of biomarkers and prognostication, which in turn supports more consistent and evidence-based diagnostic decision-making. Ultimately, the key to successful adoption of digital pathology and AI for cancer diagnosis will rest on careful validation and standardization of processes, infrastructure development and context-specific approaches. If these issues are overcome, such technologies can go a long way to bridging the gap in cancer diagnosis and care, and improve clinical outcomes, especially in the under-serviced world.
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