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Introduction
We are in an era of rapid technological digitalization, countries around the world want to leverage technology to improve health outcomes by accelerating data use and increasing evidence-based decision making to inform action in health sector (Werner et al. 2023).
Technologies such as the internet of things, virtual care, remote monitoring, artificial intelligence, big data analytics, blockchain, smart wearables, tools enabling data exchange and storage across the health ecosystem is creating a continuum of care with potential to enhance health outcomes by improving medical diagnosis, data-based treatment decisions, digital therapeutics and clinical trials (WHO, 2021). 
In developed countries, some technologies are regarded as routine: technologies like telehealth platforms, electronic health records, electronic prescribing, laboratory information systems, picture archiving, and communication systems (OECD, 2025). Like in the NHS trust where I work currently, electronic health record has been in use for over five years.
The World Health Organization (WHO) sees digital health as the field of knowledge and practice that deals with developing and using digital technologies to improve health (WHO, 2021). It is of note that, the WHO global strategy on digital health, first set for 2020–2025 and extended to 2027 by the World Health Assembly in 2025, shows how seriously this agenda is now taken at international level (WHO, 2025).
This review examines two technologies that remain at research or pilot stage in most settings. First of this technology is ambient clinical intelligence (ACI), which utilises artificial intelligence to automate clinical documentation during patient encounters (Ling et al., 2025). AI-powered digital phenotyping for mental health is the second of this technology, which operates by drawing on passive data from smartphones and wearables to predict clinical deterioration (Alam et al., 2026).
The two technologies were carefully selected, as they represent emerging innovations with growing but limited evidence internationally. While ACI is under evaluation in a small number of health systems, digital phenotyping remains grossly confined to research contexts, particularly in low- and middle-income countries (LMICs). It is of note that both raise significant questions regarding implementation, ethics, and equity.
Methods
A narrative review approach was adopted. Searches were made on PubMed, WHO institutional repository, Google scholar. CINAHL, and IEEE Xplore. The search terms that were utilized include “ambient clinical intelligence,” “ambient voice technology,” “digital phenotyping,” “passive sensing,” “mental health monitoring,” “smartphone sensing,” “clinical documentation,” and “implementation barriers,”. The terms were combined with Boolean operators.
I primarily relied upon peer reviewed journal articles, policy reports by well-known organizations (i.e. WHO and OECD), meta-analysis, and systematic reviews.

Non-English publications, purely theoretical studies and opinion pieces without empirical fact were excluded from this work. The critical Appraisal Skills Programme (CASP) checklist was informally used to examine methodological quality.
Review of Technology 1:
Ambient Clinical Intelligence (ACI) Systems
Description of the Technology
Ambient clinical intelligence is described as an AI-powered systems that capture clinical consultations through secure audio recording and use natural language processing to generate structured clinical notes, letters, and summaries in real time (Mayo Clinic, 2025). The clinician reviews all entries and approves the output, with a sole aim of removing documentation from clinical encounters. This represents a shift from a more popular electronic records designed around data capture toward systems designed to support clinical attention and interaction.
ACI systems are typically developed by commercial vendors, often through partnerships with academic institutions or health systems (Cleveland Clinic, 2025; Fierce Healthcare, 2025). The deployment is to individual practices and multi-site trials. This technology operates alongside existing electronic health records, with clinicians accessing it through secure desktop or web-based applications (Walter Reed National Military Medical Centre, 2026).
Evidence from Literature
The strongest of evidence for ACI com es from systematic reviews and implementation evaluations conducted primarily in Australia, North America and Europe. Bracken et al. (2025) made analysis of 11 studies published up to 2024. All included studies used either ambient AI technology or ChatGPT. The review revealed that both forms showed potential to improve documentation efficiency, but the quality of AI-generated documentation varied. Heterogeneity in assessment methods limited interpretation, while professional opinion was generally positive, users expressed concerns about the reliability and validity of AI-generated documentation (Bracken et al., 2025).
A meta-analysis conducted by Zhao et al. (2026) pooled data from studies evaluating artificial intelligence tools for clinical documentation. It discovered a moderate overall decline in documentation burden, with a standardised mean difference of -0.71. However, heterogeneity was significant, indicating wide variation in effect sizes across studies. Most evidence came from outpatient settings in high-income countries, limiting generalisability (Zhao et al., 2026).
A large-scale evaluation by Husa et al. (2026) assessed the link between the use of ambient AI and clinician productivity across 1,547 clinicians in a hospital system serving more than 2 million patients. The study found a statistically significant decline in mean time spent on notes during the first month of ambient AI use, with a sustained decline in after-hours documentation. However, effect sizes were modest. The authors noted that even small improvements can compound across many clinicians within a health care system (Husa et al., 2026).
Implementation evidence from Australia’s Children’s Health Queensland provides one of the first in-depth evaluations of an AI medical scribe in a public health service. The study captured personal experience from 333 patients across medical, allied health, and nursing disciplines. Over 90% of patients reported improvement in clinician focus, communication, and pace of discussions, and 94.6% welcomed the use of the system in future appointments. The evaluation also recorded a reduction in transcription costs of 16,903 AUD (Clinical Excellence Queensland, 2026).
In Spain, a 12-month evaluation of an ambient AI scribe across 48 hospitals examined deployment in emergency care. The study covered more than 1 million eligible consultations. Scribe-assisted consultations were about 15 minutes shorter on average, with transcription accuracy stable at approximately 94% and adoption reaching about 45% (Alcázar-Peral et al., 2026).
As for Canada, the Canadian Medical Association (2026) conducted a rapid evidence synthesis drawing on studies published from January 2017 to November 2025. Over 2,000 records were screened, and 93 high-relevance studies were included. Findings revealed modest but consistent evidence for reducing administrative burden.
Challenges and Limitations:
Safety concern associated with ACI is a likelihood of fluent notes masking underlying errors. Audits conducted by ambient digital scribe platforms objectively found a mean of 13.9 transcript errors per case, including 3.0 errors with potential for moderate to severe harm (Munsell, 2026). This is because a fluent note can make fabricated or omitted details harder to detect, thus deployment requires standardised review, clear clinician authentication, and sustained human oversight (Munsell, 2026).
A scoping review of ambient AI scribes in emergency departments was able to identify six studies that met inclusion criteria. Sample sizes selected by Physicians ranges from 6 to 24. Reported constraints included fragmented workflows, environmental noise, note accuracy, electronic health record integration, and clinician distrust (Gancz et al. 2026).
WHO (2024) has stated that large multimodal models can produce biased, inaccurate, false, or incomplete outputs. These systems may stand a risk of automation bias, whereby clinicians overlook errors that they would otherwise identify. These risks apply directly to ACI systems (WHO, 2024).
Transcription accuracy disparities have also been documented. Research indicates that these systems perform less accurately for Black patients and people with regional accents, raising serious equity concerns. Clinicians should require vendors to provide accurate, disaggregated data by patient demographics and make regular performance reports by demographic group a contractual requirement (Munsell, 2026).
Review of Technology 2: AI-Powered Digital Phenotyping for Mental Health
Description of the Technology
Digital phenotyping uses wearable technology, online platforms, social media and smartphones for continuous passive data collection to monitor and predict mental health conditions (Badier et al., 2026). This approach, sometimes called precision psychiatry, aims to make diagnosis, treatment, and prevention more personalised, proactive, predictive, and precise (Cheng et al., 2026). Data sources include typing patterns, sleep monitoring through phone sensors, social media activity, and wearable measures of activity and physiological signals (Linardon et al., 2025).
The technology remains largely at research stage globally.
A qualitative study conducted in Dhaka’s Korail slum in Bangladesh explored awareness, knowledge, and acceptance of digital phenotyping among residents diagnosed with serious mental disorders and their caregivers (Alam et al., 2025). The study found limited research on awareness and acceptance of digital phenotyping in low- and middle-income countries, particularly among slum populations (Alam et al., 2025).
Evidence from Literature
A protocol for a machine learning study using smartphone-based digital phenotyping to predict relapse in serious mental disorders among slum residents in Dhaka describes the methodology for building a predictive model to identify early warning signs of relapse (Alam et al., 2026). The study highlighted practical constraints, including requiring participants to install the app as an .apk file, which may pose challenges for individuals with low technical literacy. Continuous passive data collection, particularly from GPS sensors, can increase battery consumption. Given potentially unstable access to electricity in slum environments, participants may disable or uninstall the app to conserve power (Alam et al., 2026).
There were Issues around data privacy and security capable of limiting participant’s engagement. Although strict protocols are in place, including anonymisation and secure server storage, participants may still perceive privacy risks, which could affect long-term acceptability. A prior qualitative study with the same community explored participant’s understanding, and willingness to share digital data, and insights from this study informed the design of the consent process and data collection strategy (Alam et al., 2026).
A study by Huang et al. (2025) analysed the feasibility and acceptability of smartphone-based digital phenotyping for long term mental health monitoring in adolescents with bipolar disorder. Participants installed the Beiwe digital phenotyping app to collect passive data from smartphone sensors. Completion rates were high, with 89% of passive data collected over an 18-month observational study. The authors arrived at a conclusion that digital phenotyping has significant potential as a method of long-term mental health monitoring in adolescents, being lower burden and providing more complete data over time than traditional methods (Huang et al., 2025).
Challenges and Limitations
The evidence base remains elementary. Most studies are small-scale, short-term, and conducted in controlled research settings rather than real-world clinical practice (Alam et al., 2026). There are no large randomised controlled trials demonstrating that digital phenotyping improves mental health outcomes at scale (Alam et al., 2026). Systematic reviews note significant heterogeneity in methods, outcome measures, and populations, limiting comparability.
Privacy and data security concerns remain a limitation. Digital phenotyping collects deeply personal data continuously, often without the user’s active awareness of what is being collected or how it is being used (Alam et al., 2025). The lack of transparency in data usage policies is a significant driver of these concerns, with many users unclear about how their data is collected, processed, and shared (Alam et al., 2025). Research has also shown that insecure storage mechanisms have led to unauthorised access to patient data in mobile health apps, raising significant concerns about privacy and confidentiality (Alam et al., 2025).
User engagement and participation present persistent and significant challenges. Barriers such as low digital literacy, and mental health symptoms, can significantly affect a person’s ability to engage meaningfully with digital phenotyping tools.
Data collection may be disrupted by device noncompliance. A study involving older participants noted that data non-collection may be higher because older adults are less likely to carry their smartphones everywhere or keep them charged compared with younger populations (Alam et al., 2026). The tendency of phone operating systems to disable sensor access when the phone is inactive for extended periods further compounds this issue (Alam et al., 2026). Major updates of phone operating systems may also cause apps to malfunction temporarily (Alam et al., 2026).
Equity concerns are significant. Digital phenotyping requires access to smartphone, regular charging, data availability and connectivity, and a level of digital literacy that may exclude older adults, people experiencing poverty, and those in areas with poor connectivity (Alam et al., 2026). In low- and middle-income countries, approximately 1.4 billion adults do not use the Internet, with 800 million of these being women, showing the gendered dimensions of the digital divide (Alam et al., 2026). Those in the poorest 40 percent of households are 8 percentage points less likely to own a phone than their wealthier peers, and women are 9 points less likely than men (Alam et al., 2026). Cost is by far the largest barrier to smartphone ownership in South Asia and Sub-Saharan Africa (Alam et al., 2026).
Discussion
The two technologies are at different level of maturity, with varying amounts of supporting evidence, and differences in their ability to be deployed.  ACI has progressed further in terms of clinical deployment. Systematic review evidence shows moderate reductions in documentation burden and time (Zhao et al., 2026), and implementation reports show meaningful aggregate time savings and burnout reduction (Munsell, 2026). Majority of the evidence comes from North America, Australia, and Europe; however, there is growing evidence from Spain (Alcázar-Peral et al., 2026) and Canada (Canadian Medical Association, 2026). Unfortunately, the quality of studies is generally poor, and there remain significant concerns about the safety of transcribing errors and potential harm associated with such errors (Munsell, 2026).
On the other hand, digital phenotyping remains is primarily limited to research. The evidence base for digital phenotyping is emerging, with current protocol studies occurring in Bangladesh instead of completed trials demonstrating clinical effectiveness (Alam et al., 2026). The technology faces substantial implementation barriers including battery life, technical literacy, privacy concerns, and infrastructure limitations in LMIC settings (Alam et al., 2026). Hung et al. (2025) demonstrated that while passive data collection continued for 18 months, active survey completion declined.
Given the differences in the development of ACI and digital phenotyping, ACI has a better chance of providing immediate benefits to health and social care. It addresses a known issue of administrative burden that consumes significant amounts of clinician’s time on documentation. The evidence shows it can work, with meta-analytic evidence demonstrating improvement in documentation burden (Zhao et al., 2026). Barriers to implementing ACI are related to concerns about integrating ACI into existing systems, training staff members who will use ACI, and maintaining consistency among users of ACI rather than fundamental questions about whether ACI is effective. However, the safety paradox identified by Munsell (2026), that fluent notes can make detecting errors more difficult thus, it requires careful attention to governance and human oversight.
For these emerging technologies, there are several unresolved issues regarding ethics, privacy, and equity, and the technology faces significant infrastructure barriers in the LMIC settings where it could have the greatest impact (Alam et al., 2026).
Both technologies face governance challenges. The WHO (2024) has developed more than 40 recommendations for governments, technology companies, and healthcare providers to ensure responsible usage of large multimodal models. Examples include investing in public infrastructure, using laws and policies to enforce ethical obligations, and implementing mandatory post-release audits and assessments by independent third parties after large-scale deployment (WHO, 2024). Governance frameworks related to those developed for large multimodal models are needed for digital phenotyping.
There are significant gaps in evidence from both technologies. ACI lacks long-term outcome data and evidence on equitable performance across diverse populations (Munsell, 2026). Digital phenotyping lacks large-scale clinical trials demonstrating improved outcomes and evidence on how to implement ethically and equitably in resource-constrained settings (Alam et al., 2026).
At the NHS trust where I currently work as a registered Nurse (UHMB), although ambient voice technology is used by clinical consultants, specialty doctors, advanced nurse practitioners, and outpatient nurses and midwifes for patient reviews and documentations purposes, there are concerns around data privacy, and reliability of the technology, therefore measures such as mandatory trust training for all AVT users, governance compliance to meet NHS England standard, obtaining patient consent prior to the use of AVT, and transferring information generated by AVT into trust EPIC with 24 hours has now become an integral part of the trust policy.
Conclusion
Digital systems are changing health and social care globally. Ambient clinical intelligence (ACI) and artificial intelligence-powered digital phenotyping provide opportunities for improve care delivery, but they are at vastly different stages of development. ACI has clinical utility in specific areas across North America, Australia, and Europe; however, implementation barriers and governance issues persist (Munsell, 2026; Clinical Excellence Queensland, 2026). Digital phenotyping holds theoretical promise for preventative mental health services in marginalised populations, but it lacks an adequate evidence base and ethical frameworks needed for responsible deployment (Alam et al., 2026).
Both technologies originated in high-income settings; therefore. their relevance to LMICs must be evaluated thoroughly. Factors such as Infrastructure limitations, disparities in digital literacy among LMICS populations, and regulatory frameworks will determine how these innovations can be adopted. The WHO’s guidelines for large multimodal models provide a governance framework that emphasizes that governments must collaborate to regulate AI technologies effectively (WHO, 2024).
 Emerging information systems should be viewed as enabling infrastructure for health and social care, rather than replacements for professional expertise or human relationships. 
Ultimately, whether innovation delivers on its promise depends on upon whether it remains safe, ethical, inclusive, evidence-informed, and responsive to the needs of individual and community’s needs (WHO, 2025).
I confirm that I followed the University guidelines on generative AI usage. All content is my own work, and all sources have been appropriately cited and referenced.
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