Emerging Information Systems and Information Technologies in Health and Social Care Settings: An International Perspective

Introduction
Healthcare advances continue to improve our understanding of disease and its associated risk factors. Alongside an increase in available interventions and a growing global population, the complexity of medicine has increased substantially over the last century. Information systems evolved over the past 70 years to support healthcare delivery, with their capabilities expanding in parallel. Patient records are now fully electronic in numerous international care settings, with benefits including the ability for clinical decisions to be supported by digital tools and improved efficiencies of administrative processes and the availability of data to support service delivery and planning. 
Terminologies such as the Systematised Nomenclature of Medicine Clinical Terms (SNOMED CT) and International Classification of Diseases (ICD) have organically developed over time, allowing for structured data to be recorded and utilised in a standardised fashion, alongside Fast Healthcare Interoperability Resources (FHIR) to help support the exchange of data across healthcare infrastructures. 
In more recent years, artificial intelligence has allowed for potential solutions to emerge to further support efficiencies and safety of healthcare. Ambient Voice Technology (AVT) is a commonly cited use of this technology, with claims of reducing the time clinicians need to electronically document care encounters, including the application of clinical coding. This has been suggested to create efficiencies and also improve staff wellbeing. Deep learning is being applied in a number of areas, including cellular pathology, where there is an established global shortage of workforce (Walsh and Orsi, 2024) , and where inconsistencies in interpretation occur.
Methods
Searches were undertaken in PubMed, the Cochrane Library and Google Scholar with the following search terms for Ambient Voice Technology and AI use in Cellular Pathology respectively
("Ambient Voice Technology" OR "AI Scribe" OR "Artificial Intelligence Scribe" OR “Ambient Scribe” OR “Digital Scribe” OR “AVT”) AND ("Health" OR "Social Care" OR "Healthcare" OR "Medicine" OR "Medical") AND ("Application" OR "Implementation")
With filtering applied to identify publications within the last 5 years, including reviews, systematic reviews, meta-analyses, or observational studies. This process identified an initial 24 studies 
(“AI” OR “Artificial Intelligence” OR “Deep Learning”) AND (“Cellular Pathology” OR “Histopathology” OR “Cytology) AND (“Application” OR “Implementation”)
Restricting the search to meta-analyses or systematic reviews yielded 64 results.  
Additional targeted search queries were used within Google and Google Scholar with an aim of identifying and assessing available grey literature, or more specific areas not encompassed within the initial search criteria.
Systematic reviews were prioritised for review and inclusion, however given the available evidence identified in specific areas, case reports and expert opinions were also included. 

Review of Ambient Voice Technology
Ambient Voice Technology speech-to-text functionality, with Large Language Models (LLM) to create a templated outputs that aligns to usual medical documentation. By doing so, there is the potential for a product that replaces traditional manual data entry into medical records. In addition, these systems may assist in drafting inter-professional correspondence and generating patient-friendly consultation summaries.
These products have rapidly expanded within the commercial sector with over 60 products available globally, facilitated by the availability of widely used LLMs within these products such as OpenAI’s GPT-4 and Anthropic’s Claud. 
The curation of medical notes following care encounters uses varying proportions of time depending on the complexity of the care encounter. This can create pressures on medical staff, especially in high paced healthcare environments. The theoretical ability to turn on a microphone, and to remove the requirement to manually curate electronic records is attractive. There could in principle be the ability to remove the time taken to document findings and remove the requirement to interact with hardware during a consultation (which disrupts eye contact and rapport between clinician and patient). It has also been suggested could reduce the cognitive load associated with documentation. A multicentre study identified a reduction in reported burnout rates of more than 10% (Olson et al., 2025) . However, Xiao et al. (2026)  recognise that the findings relating to emotional wellbeing improvements being attributed to AI Scribes should be interpreted as reported or perceived benefits rather than evidence of a causal relationship. 
The provision of medical scribes to clinicians and the use of speech-recognition technology have historically been associated with several challenges (Florig et al., 2022) (Goss et al., 2019), but particularly in settings such as the US where medical notes are more comprehensive than in other healthcare systems there has remained a need to explore efficiencies in this area. 
In research settings, which tend to have had biasing towards the US, patients tended to have low rates of refusal of use of an AI scribe, suggesting high levels of acceptability. However, a Canadian online survey of over 12,000 adults found a high level of reluctance to future AI scribe use, with privacy concerns and low awareness the key barriers (Chandrasekaran and Moustakas, 2026). There is indeed the risk, more so should patient identifiable information not be redacted from a transcript of patient’s consultations being incorporated into ongoing model training. 
The use of LLM’s also introduces risks of both omissions of significant information that otherwise would have typically been documented by a clinician, and “hallucinations” where details are included in the scribe output that were not present in the source transcript. This inaccurate presentation of a clinical encounter is associated with clinical risk if the documentation is relied upon during future episodes of care (Topaz, Peltonen and Zhang, 2025).
Countries such as the United States and Australia generally do not classify these products as medical devices if they are used solely for administrative purposes. Only when diagnoses or management plans are generated or recommended, then regulatory frameworks are enacted. This leads to a “moral crumple zone” (Elish, 2019) with respect to liabilities, where the human using the tool becomes solely responsible for any shortcomings of the technological product. 
Individual studies and meta-analyses consistently demonstrate reductions in consultation documentation time (En Tan et al., 2026) (Gancz et al., 2026)  although with varying percentage rates of reduction. 
While certain benefits appear to have consistency, benefits such as time saved may be more nuanced. The output of AI scribes tends to be more verbose than usual documentation and typically lacks the style of the responsible author. Most research evaluating these technologies have been conducted over relatively short periods, and for single consultations for each patient. There is the potential for time savings at the point of initial use to be offset during subsequent consultations should it take longer for clinicians to read and understand what has occurred before. 
Overall, there appears to be a lack of consistency in the available evidence across a number of areas. Alongside application of use not being evaluated effectively across all care settings, and especially across a wider range of languages, it is challenging to determine the overall benefit that AI scribes currently provide across international healthcare settings. Costs are not evaluated adequately in most of the available literature, and implications with regards to equity are difficult to ascertain from available literature. 

Review of use of AI-based algorithms in histopathology
Cellular pathology, or histopathology, has long been a cornerstone of the diagnosis of many diseases, especially with regards to neoplastic disease. As the understanding of cancer has progressed, and more novel treatments have been identified, additional diagnostic techniques have been developed beyond the assessment of traditionally stained tissue mounted on glass slides. Pathology has arguably been slower than disciplines such as radiology to adopt digital-image based workfows. In pathology this requires whole slides to be scanned as a composite of numerous images at differing powers of magnification. 
Histopathological interpretation relies heavily on pattern-based recognition, and therefore elements could lend themselves well to deep learning. Explainability, accountability and acceptability of AI products are all highly important areas for consideration when new tooling is introduced into clinical practice. Commercial platforms with US regulatory approval have already been developed for clinical use in prostate, breast and cervical cancer. These organ systems typically present a narrower diagnostic spectrum compared with other pathological subspecialities (Sirintrapun, 2025). The degree of supervision applied during model development, leads to differing levels of predictability and accuracy of deep learning output, with intensive clinician support to create a model of good accuracy. 
A small-scale study has identified the potential for cost savings in areas such as prostate core analysis, where it has been suggested that the number of cores requiring assessment by a pathologist may be reduced by up to 80% (Du et al., 2025) , however there appears to be limited evidence demonstrating cost effectiveness comparable to that observed in other healthcare applications (El Arab and Al Moosa, 2025).
Certain aspects of cellular pathology such as immunohistochemistry can lead to variation of evaluation between different clinicians, and therefore use of this tooling could offer the potential for standardisation. Additionally, it has been demonstrated that in certain trials the use of AI decision support alongside human interpretation has reduced the requirement for immunohistochemistry testing by up to 40% (Blilie et al., 2025). By doing so, this offers the opportunity to reduce associated laboratory costs (including the expense of costly additional stains), time to achieve a formal report and potential diagnosis for the individual patient. There is a need to validate the national processes involved with testing protocols against international practice, and for a larger cohort to assess statistical significance achieved within this study.  
Further application of deep learning has also moved beyond automation of tumour detection and classification, providing opportunities to improve prognostic accuracy via the recognition of other biomarkers that are otherwise not typically counted or assessed over a whole slide image (Marra et al., 2025) . This can include hidden patterns that may have otherwise not been historically identified, although these can lead to challenges with an understanding of the overarching model.
Newer treatments for cancer involve assessment for specific genetic mutations. AI has demonstrated an ability from histopathological features alone to predict the presence of genetic mutations. While this has been of varying ranges with AUC responses, the available iterations may be able to offer decision support to consider additional genetic testing in circumstances where this is not currently applied (Fu et al., 2020) .
Evidence related to the tooling has sometimes been distinct from the acceptability and implementation alongside human pathologists. Professional opinions regarding implementation varied considerably within a Dutch study (M Swillens et al., no date) and it can be concluded that further consideration is required to achieve effective widespread application in clinical practice. 
Issues as predictable such as staining protocols between laboratories can lead to degraded performance (Marzouki et al., 2024) , and similar risks can exist with different technologies being used to create whole slide images. Radiology has overcome the latter issue with the adoption of DICOM open-source file formats; however efforts within pathology to achieve a universally adopted file format are underway (Dimitriou, Arandjelović and Caie, 2019) . Additionally, standardisation of the appearance of histopathology images has been demonstrated to improve the performance of some models, particularly those with lower computational complexity (Madusanka et al., 2023). The gigabyte size of whole slide images and computational power required to process deep learning models has an impact on performance, and therefore less complex models will be attractive to reduce these impacts. 
External validation does not appear evident for several models, which reduces confidence in the widespread application of this technology at present, and a greater understanding of integration into clinical workflows appears crucial to guide necessary further developments. 

Discussion
Both technologies offer the potential to improve clinical efficiencies and effectiveness, however, evidence demonstrating their ability to reduce healthcare inequalities remains limited. The application of AI within both these technologies theoretically creates a risk of increasing inequities should the models implemented already be biased. While both technologies suggest the potential, and have identified the ability to reduce costs, a robust longitudinal evidence base supporting the use of ambient voice technology is lacking and there is a relatively weak evidence base at present with the application of deep learning within pathology.   
Patient experiences during a consultation may be improved with AI scribes, however this needs to be balanced against the need for awareness and consent with the use of the tool, with data privacy being maintained. Decision support in histopathology appears to offer the ability to reduce turnaround times for a pathology report which could shorten component waits in a patient journey, thereby reducing stress and anxiety associated with diagnostic uncertainty. 
Improvements in staff wellbeing associated with AI scribe usage could be offset if organisations respond by increasing expectations regarding clinical throughput. Evidence regarding the impact on AI tools on pathologists’ well-being remains limited, with challenges remaining in frameworks being established to integrate their use into usual practice. 
Both technologies have great potential to develop further. The ability to surface a transcript during a live consultation creates the opportunity to improve decision support tooling but requires greater integration with all available care records to realise their full potential, with a need for patient confidentiality to be maintained. The vast potential datasets that digital pathology and automated assessments of whole slide images create has already started to demonstrate greater accuracy and interpretation of the overall clinical picture. 
Further research is particularly necessary for AI scribes to establish confidence for widespread adoption, whereas the tools already available in digital pathology appear to be demonstrating less ambiguous benefits, and therefore application in this area appears to offer greater demonstrable value. Implementation of digital pathology in socioeconomically disadvantaged areas has been shown to be feasible (Velozo et al., 2025) , thereby improving more equitable access to a limited workforce, who may only be available remotely. The addition of validated deep learning technology shows promise in enhancing these benefits further, improving the delivery of healthcare at an international level. 
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