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Digital medicine
Digital health care for older adults
Leila is an 86-year-old woman with type 2 diabetes and 
high blood pressure. She lives alone, and, as a result of 
a recent heart attack, her family doctor and cardiologist 
want to see her more frequently. She has some moderate 
arthritis involving her knees and hips and poor vision, but 
she is committed to maintaining her independence.

Leila represents a typical older patient in many countries. 
How to care for an ageing population, which is anticipated 
to double worldwide by 2050, is a question facing 
individuals, families, health-care systems, and nations. 
Older patients with multimorbidity, age-associated 
limitations in mobility, vision, memory, and hearing, plus, 
all too frequently, social isolation, loneliness, and depression 
have complex health needs. There are additional difficulties 
for older people who live on fixed, limited incomes and in 
low-resource areas. The challenges Leila faces highlight the 
global need for user-friendly alternatives to hospital and 
institutionalised care that can support health management 
and autonomy of living alone for as long as possible. 

There is promise for digital health technologies to improve 
communication, collaboration, and the use of evidence-based 
guidelines to circumvent barriers to healthy, independent 
ageing. Today, age remains one of the greatest obstacles to 
technology adoption. Visual impairment and limitations 
in dexterity contribute to this, but another hurdle for many 
older adults is a lack of confidence in using digital health 
technologies. Intuitive voice-user interfaces on smartphones 
can help overcome these usability fears. Built around various 
consumer voice-recognition technologies, developers are 
creating voice-based applications for management of chronic 
conditions, care coordination, medication adherence, and 
even companionship. Beyond aiding in management, early 
research shows that voice interfaces could have the potential 
to serve a diagnostic role by recognising vocal biomarkers of 
change in neurological or mental health status.

Extending and enhancing the ability to monitor and 
provide prompt help and support for the independent 
older adult is another capability digital health technologies 
bring. Widely available consumer devices, such as wearable 
sensors or patches, smartphones, and watches, can 
already passively track and alert the wearer of potentially 
significant arrhythmias. Some can also detect hard falls and 
automatically connect to emergency services if needed. 
Unobtrusive activity recognition systems using infrared 
motion sensors (ie, pyroelectric sensors) and ambient devices 
with multiple sensors (eg, motion, pressure, video, object 
contact, and sound sensors), supported by deep learning, 
could detect a range of routine activities of daily living in real 
time. This would allow for individualised modelling of daily 
activities and immediate detection of unusual behaviours.

Social isolation and loneliness are public health 
issues that have adverse effects on elder health. While 
existing technologies can provide access to social media, 
entertainment, education, and counselling for willing users, 
newer technologies such as socially assistive robots (SAR) 
could help with physical tasks and provide a partner for social 
interaction. Early studies of SARs for elder care have found 
that they might improve cognitive function, companionship, 
lower blood pressure, and provide an improved overall sense 
of wellbeing. Although many of the SARs studied so far have 
been designed as pets, humanoid autonomous robots that 
are capable of performing tasks similar to human caregivers 
are also being developed for elder care .

However, if these technologies are poorly integrated into 
systems of health and social care, technology itself could 
contribute to even greater isolation for older adults, creating 
more harm than good. To avoid this hazard, designers must 
understand the complexity of ageing and incorporate 
knowledge of age-related changes throughout the design 
process. Participatory design approaches that include older 
adults are essential. Design should also focus on how to 
improve the quality of care and outcomes. Additionally, a 
rigorous prospective clinical trial assessment will be needed 
for all these technologies. Only then will digital health 
technologies help meet the needs of older people
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The first capture of the electrical activity of the heart—the 
PQRST complex—was done by Willem Einthoven in 1895, 
using a 600-pound machine and five skilled operators, with a 
simple request for patients to place their hands and one foot 
inside buckets filled with an electrolyte solution. Eventually, 
the 12-lead ECG in hospital and clinic settings evolved, 
requiring a big machine on wheels with multiple cables 
for each limb and across the chest. Today, by touching a 
sensor with our fingers and the left leg, forming Einthoven’s 
triangle, we can instantly record a high-quality six-lead ECG 
to a smartphone. This technology will make it possible to 
easily monitor extensive heart electrical activity virtually 
anywhere, at any time, and as frequently as desired. With this 
new capability comes daunting challenges in the accurate 
interpretation and management of data. 

Algorithms interpreting ECGs dates back to 1970, when 
the first rule-based algorithms were designed. These 
static rules have improved over time but still result in 
inaccuracies. That is now changing thanks to advances in 
artificial intelligence (AI). Using neural networks able to 
autonomously learn from large datasets of human-labelled 
ECGs, algorithms have been developed—and tested in 
retrospective studies—that can diagnose heart rhythm 
disturbances and myocardial infarctions as accurately 
as cardiologists. But this could be just the beginning. 
Deep neural networks can be used to train machines to 
identify patterns humans can’t. The combination of AI 
and a growing corpus of longitudinal data, made available 
through personal ECGs via watches and smartphone 
attachments, might move the field towards the ambitious 
goal of predicting future events based on a single ECG 
tracing. Research using machine learning has shown 
that information within the ECG can be used to estimate 
serum electrolyte concentrations, predict left-ventricular 
function or the likelihood of atrial fibrillation, and even 
identify the probability of 1-year mortality from what have 
been read out as normal ECGs, although all of these still 
require prospective, real-world validation.

Routinely, ECG monitoring is limited to an annual check-
up or in preparation for surgery. That mere 10 seconds of 
ECG monitoring is unlikely to capture subclinical, but still 
meaningful, real-world cardiac events or subtle changes 
over time. Instead, a longitudinal view of cardiac electrical 
activity is needed—long data. However, the potential volume 
of patient-collected ECG data would overwhelm already 
over-extended health-care systems. The combination of 
smartphone ECG monitoring plus AI-based analytics that 
involve large data-streams linked with clinical data would 
allow for the evaluation of an individual’s ECG over time and 
the detection of subtle changes, including silent ischaemia 

and even those not recognisable by human readers. 
Existing AI techniques based on recurrent neural networks, 
particularly long short-term memory networks, will provide 
a starting point towards the development of personalised AI 
able to identify temporal changes in the ECG. Potentially, this 
individualised approach could allow for real-time automatic 
identification of actionable findings. 

But for the diagnostic capabilities of ECG to be fully realised, 
a great deal of work and learning is still needed. Minimising 
unnecessary alarms—or achieving a false-positive rate of close 
to zero—will be one of the greatest challenges of any wearable 
AI health-related technology made for the broad consumer 
market. Additionally, many unknowns exist when it comes to 
the return of understandable and actionable information to 
the individual. A bespoke approach based on the individual’s 
preferences could be provided by a caregiver if desired. 
However, to be affordable and broadly scalable, AI could be 
used to learn individual preferences and to continuously 
implement, test, and refine personalised feedback, from 
behavioural suggestions to cardiac alerts. Finally, rigorous 
evaluation in large clinical trials is needed to establish the 
costs (healthy individuals falsely alerted) and benefits (early 
alerting leading to improved outcomes). 

Despite these challenges, individual ECG monitoring 
has the potential to allow cardiac screening at an 
unprecedented scale in millions of individuals and reduce 
geographical and economic burdens in health care. These 
technologies could become an irreplaceable asset to 
physicians by giving them a cost-effective longitudinal 
view into the cardiovascular system and to individuals by 
providing a personalised approach able to detect changes 
in the individual ECG at any point of the lifespan.
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We don’t expect a smartphone to help us sleep. Screens and 
connectivity are typically seen as a distraction from sleep. 
Yet emerging digital technologies are in development that 
could paradoxically help promote sleep health and aid in 
the diagnosis of sleep disorders. 

Traditional methods for the diagnosis of sleep disorders 
involve cumbersome testing with multiple hook-ups and 
wires in the unfamiliar environment of a hospital or clinic 
sleep laboratory. But now digital biometric sensors that 
non-invasively measure sleep are built into devices such 
as our cell phones and smartwatches. These sensors take 
measurements during a person’s daily routine. Although 
these sensors still need proper validation and are not the 
gold-standard sleep laboratory measurement, they have 
the potential to be used for the diagnosis of certain sleep 
disorders, such as obstructive sleep apnoea (OSA). Already, 
there are sleep-sensing pillows, smartphone apps, and bed-
side monitors under development for clinical diagnosis of 
OSA, and these technologies could have broader implications 
for sleep diagnostics, particularly when respiratory rate, heart 
rate, heart rhythm, blood pressure, and oxygen saturation 
are incorporated into the measurements. 

Digital tools could also be used to support therapies 
for certain sleep disorders. Continuous positive airway 
pressure and bilevel positive airway pressure machines 
can feedback information to clinicians, thus allowing 
them to optimise device settings for patients’ specific 
needs. Moreover, some companies already connect these 
machines with smartphone apps that allow patients to 
easily monitor their own therapy and sleep metrics, giving 
the individual further control over their own sleep health. 
Furthermore, studies have shown success with digital 
delivery of cognitive behavioural therapy for insomnia, 
suggesting that treatment for some sleep disorders could 
potentially reach patients more easily by digital means 
than by in-person appointments, although longer-term, 
larger studies are still needed. 

As the diagnostic and therapeutic capabilities of digital 
technologies continue their expansion into sleep health, 
there are more unexplored areas that digital devices could 
inform. We have yet to understand sleep differences 
between individuals, and whether night-to-night variations 
in sleep timing and duration impact our overall health. For 
example, people can have chronotypes that give them a 
propensity for morningness or eveningness—morning larks 
versus night owls—but we don’t yet know if individualised 
feedback to optimise sleep timing would improve health 
outcomes. Moreover, while studies show that sleep 
durations of less than 6 h can predispose us to various 
medical conditions, such as cardiovascular disease, obesity, 

or depression, these reports mainly arise from subjective 
sleep reporting as opposed to objectively gathered 
data. Personal digital devices could potentially capture 
population-level, objective, and longitudinal sleep data 
that could be connected to clinical outcomes and might 
ultimately inform sleep recommendations for different 
population subsets.

Digital devices that collect an individual’s objective 
sleep data have the potential to empower people to 
improve their own sleep. Sleep quality can be subjective. 
One person may find that 7 h of sleep with two awakenings 
is restorative, whereas someone else may experience 
that same profile as a fitful night. This is something that 
clinicians struggle to help patients with. Although they 
can advise on good sleep hygiene and help detect sleep 
disorders, there is not always a one-size-fits-all plan for 
a good night’s rest. Personal devices can provide people 
with their individual sleep metrics, such as sleep duration, 
timing, and number of awakenings. The ability of these 
devices to provide sleep staging and more nuanced 
information, such as respiratory and heart rates, is also 
improving. With the proper information, people could 
use this information to take better control of their sleep. 
And when we reach the stage of multimodal data inputs 
combining sleep information, nutrition, physical activity, 
stress metrics, genomics, and other individualised data 
sources, the ability for deep learning algorithms to provide 
meaningful virtual feedback to the individual for sleep 
coaching could become a reality. While it seems today that 
digital devices disrupt our sleep, in the future, with rigorous 
validation, they could help us start to sleep better.
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Every day, around the world, an estimated 830 women die 
from pregnancy or childbirth related causes, most in low-
income countries. An additional 7000 newborn babies die 
each day. Many of these deaths could have been prevented. 
The presence of a skilled birth attendant—doctor, nurse, 
or midwife—at birth is important to prevent and manage 
obstetric complications. Supportive care from birth 
companions can also be helpful to women by bringing 
support, monitoring, and care to a woman’s home 
throughout pregnancy, labour, and post partum. Imagine 
if a digital toolkit could be given to pregnant women that 
combines the ability to individually support, monitor, and 
inform them, but does it remotely using sensors and apps. 
It could also incorporate artificial intelligence algorithms 
to identify patterns of high-risk complications before they 
occur and could potentially prevent them. 

Most prenatal visits involve measuring several metrics 
and education. The usual one-off metrics can include blood 
pressure, abdominal girth, weight, maternal and fetal 
heart rates, and a urinalysis. Education typically involves 
promoting healthy weight gain, activity, nutrition, and 
medications. However, many of these measurements 
can already be done via remote sensors that can collect 
measurements daily and over a longer time from the 
mother’s real-world environment. This improved 
monitoring might better characterise a women’s individual 
trajectory in pregnancy and risk of adverse complications. 
For example, home blood pressure monitoring can identify 
a woman’s blood pressure measurements over time. As such 
digital tracking devices are further developed, it will become 
possible to capture an individual’s “normal” measurements 
and therefore better identify early deviations—on an 
individual basis—that may indicate the onset of a problem.

Remote monitoring can also reduce costs by eliminating 
unnecessary office visits for low-risk pregnancies, improve 
access to care when linked with telemedicine for those living 
in remote areas, and provide better monitoring in between 
visits. In the future, algorithms can be used to improve the 
interpretation of a woman’s individual data and identify 
immediately actionable changes. This approach could be 
especially useful during the postnatal period, when women 
may wait weeks to months after giving birth to see a health-
care provider, if at all. During this time, women are at risk 
of serious complications, such as post-partum infection, 
post-partum depression, haemorrhage, and pregnancy-
induced hypertensive disorders. In fact, most maternal 
deaths globally occur during the intra-partum and post-
partum periods and most of these occur outside of the 
hospital setting. Simple vital monitoring during this time 
through currently available wearable patches to identify 

fever or a watch to monitor pulse, blood pressure, and even 
oxygen saturation could improve early diagnosis of sepsis, 
haemorrhage, or hypertension. Additionally, online surveys 
to screen for depression and sensors to monitor unhealthy 
sleep disruptions may help monitor mental health. 

Pregnant women are increasingly turning to their 
smartphones for health information and women’s health 
monitoring apps are becoming popular, especially in 
high-income countries. Many women seek out pregnancy 
apps for the tailored information and community health 
boards where they can pose questions to other women 
who are experiencing similar symptoms, taking the 
same medications, or seeking advice on how to best stay 
healthy. With new research platforms, these data can 
be crowd-sourced at a large scale and combined with 
sensor and health record data to provide women with 
better answers to their questions by creating a digital 
pregnancy twin that could interpret this information and 
coach women on the best way to improve their individual 
pregnancy health. Given such technology relies on 
software and inexpensive hardware, it could be possible 
to provide the support, including smartphones and 
broadband data, to expectant mothers who cannot afford 
the technology, linking them to quality digital health care 
from anywhere in the world. The potential trade-off is 
attractive: helping to reduce both complications and the 
costs of medical resource consumption.
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We are all the descendants of people who for hundreds 
of millennia spent their days doing primarily one thing— 
assuring their food needs were met. Because they were 
successful, we are here reading this. Yet, to this day, dietary 
issues ranging from nutritional deficiencies to overeating 
remain a contributor to global morbidity and mortality. Trials 
done to establish a healthy diet are mainly observational, 
use food diaries, and have led to some erroneous 
recommendations that assume that the same diet is right 
for all people. But new tools and findings have changed the 
landscape for nutritional science and underscored the need to 
better individualise nutritional guidance.

There are thousands of consumer apps on diet and 
nutrition. While studies have found digital logging of dietary 
data can be more effective than paper and pencil, adherence 
rates for these apps are consistently less than 5% and 
prospective, randomised trials have not shown a sustained 
benefit for weight loss using these technologies. Yet a 
smartphone has value beyond diet logging. By synchronising 
various health data types from multiple sources, such as 
wearable sensors, electronic health records, metabolic profile, 
gut microbiome, and diet, all analysable in real-time using 
machine or deep-learning algorithms, a person’s smartphone 
has the potential to function as a digital nutritionist.

To make personalised dietary guidance possible, a 
crucial first step is the ability to simply and accurately track 
dietary intake. Advancement in computer vision has made 
photo-based dietary tracking possible through automated 
food image recognition with determination of calorie 
and nutritional content. This eliminates the laborious 
requirements of manual input and ensures meals are 
accurately recorded, but it still requires the individual to 
actively take a picture of everything they consume. While 
artificial intelligence supported food photo apps are already 
available, there are scant published data supporting their 
accuracy and value in a real-world setting. Another emerging 
food imaging technology involves use of handheld devices, 
capable of food analysis, via near-infrared and Raman 
spectroscopy. Connected to a smartphone via Bluetooth, 
several such devices are available for consumers, primarily 
for early testing. To make tracking of calorie intake as 
passive as possible, developers are also exploring body worn 
sensors, including a wrist sensor that identifies the motion 
of an individual taking a bite of food. There is even a tooth-
mounted sensor that wirelessly transmits the nutritional 
content of anything an individual eats or drinks. But all these 
products are at an early stage of development and their 
accuracy and value are unknown.

Beyond tracking dietary intake, the ability to detect and 
process each person’s unique response to what they eat and 

drink is needed. Despite an absence of evidence about the 
accuracy of some wearable sensors that claim to automatically 
track all calories eaten, what is verified is the ability to track 
our unique postprandial glycaemic response to various foods. 
For example, in a preliminary study, continuous tracking of 
glucose identified heterogeneity in glycaemic response to 
foods, clustering individuals into three “glucotypes”. Early 
work suggests an individual’s unique glycaemic response to a 
meal might be predicted using machine-learning algorithms 
that integrate dietary habits, anthropometric measurements, 
physical activity, blood biomarkers, and gut microbiome data. 
As this work matures, it is possible to imagine the delivery of 
personalised dietary recommendations for an individual as 
their metabolism and nutritional requirements change, such 
as with ageing, during pregnancy or childhood, and when ill.

We are only just beginning to explore the possibilities that 
digital technologies can bring to nutritional science, with real-
world implementation evidence greatly needed. What we eat 
and how we consume it is complex and also shaped by wider 
social factors beyond the individual. Yet on the personal level, 
we now know there is no diet or dietary intervention that is 
right for everyone, or even for an individual throughout their 
lifespan. But in the coming years, by taking advantage of a 
range of digital technologies that can inform dietary intake, 
track our personal response, and provide individualised 
behavioural guidance, it might be possible to evolve in our 
quest for food that allows for optimal health for all people.
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