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Introduction: Digital pathology retains the core of histology as a visual, pattern-recognition discipline while fundamentally transforming its substrate. Deep learning leverages these digitized data to revolutionize the field, converting qualitative assessments into reproducible quantification and increasingly inferring molecular-level information directly from tissue morphology. This work addresses a central question for tissue engineering and personalised medicine: how much biological information can be extracted from a standard haematoxylin and eosin (H&E) slide? To evaluate this, a four-tier roadmap is proposed: (i) nuclear segmentation and counting, (ii) protein quantification, (iii) cell-type proportions, and (iv) prediction of treatment response.

Materials and Methods: A structured evaluation of representative published models was conducted, addressing the four challenges. For the first task, two architectures sharing the dual objective of instance segmentation and nuclear classification were compared: HoVer-Net [1], a lightweight convolutional encoder pre-trained on natural images, and CellViT-256 [2], a Vision Transformer self-supervised on approximately 100,000 histopathology patches. Both were benchmarked using the PanNuke dataset (19 tissue types, ~190,000 annotated nuclei). The second challenge (protein quantification) was illustrated by a DenseNet model predicting PD-L1 expression in non-small-cell lung cancer (NSCLC) directly from H&E images [3]. To address the third question, cell-type deconvolution was analysed, focusing on approaches that estimate gene expression directly from H&E images (e.g., Path2Omics) to infer transcriptomic profiles, which are subsequently paired with deconvolution algorithms to estimate cellular proportions within the tissue. Finally, the fourth objective addressed treatment response prediction, using pathological complete response (pCR) to neoadjuvant chemotherapy in breast cancer as an example [6]. This task evaluated both direct, end-to-end deep learning models predicting pCR solely from image features, and hybrid architectures that employ H&E-derived virtual transcriptomics as an intermediate step to guide clinical prediction.

Results: For the first challenge, both architectures successfully segmented and classified nuclei. CellViT-256 demonstrated superior accuracy, achieving a mean panoptic quality (mPQ) of 0.51 across 19 tissues, which outperformed HoVer-Net (mPQ: 0.46). Notably, both computational systems approach the human inter-observer variability ceiling (mPQ: 0.60). Regarding the second question, the DenseNet model predicted PD-L1 expression in NSCLC with a sensitivity of 91.21%, a specificity of 60.46%, and an area under the curve (AUC) of 0.85. These metrics indicate that while the model has high sensitivity suitable for triage, its lower specificity prevents it from replacing immunohistochemistry. For the third and fourth challenges, involving cell-type deconvolution via virtual transcriptomics and prediction of complete pathological response in breast cancer, applications currently remain in an exploratory proof-of-concept phase. While hybrid models demonstrate the feasibility of linking H&E morphology to molecular signatures and clinical outcomes, they currently lack consensus benchmarks and broad external validation.

Conclusions: Deep learning marks a paradigm shift in digital pathology, unlocking complex molecular and predictive insights directly from routine H&E morphology. These computational models act as powerful extensions of the pathologist's vision, requiring expert clinical oversight for accurate interpretation. This creates a vital synergy between artificial intelligence and human clinical knowledge to advance precision medicine.
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