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Abstract
According to the World Health Organization (WHO), cardiovascular diseases (CVD) are the number one cause of death 

globally, taking an estimated 18 million lives each year. Framingham Heart Study Group in Boston developed, the very first 
10-year CVD risk prediction model. The WHO recently derived a 10-year risk prediction model, for fatal and non-fatal CVD 
events using individual participant data, from the Emerging Risk Factor Collaboration. This CVD risk model, derivation involved 
participation of 376,177 individuals from 85 cohorts, and 19,333 incident CVD events. Cardiometabolic diseases in general, - 
and metabolic diseases like hypertension, excess weight, obesity, type-2 diabetes, and vascular diseases collectively, contribute 
to the overall morbidity and mortality related to CVDs. Of the 18 million CVD-related deaths in 2017, more than three quarters 
were in low-income and middle-income countries. Risk stratification, management, and prevention models can be very important 
components of disease prevention and control efforts. In view of this very important role the risk assessment plays,  we have 
reviewed and discussed three specific areas of integration of emerging diagnostic technologies,-population level, individual level, 
and novel ways of collecting, collating, derivation, and validation of individual risks, risk scores for cluster of risks, and for the use 
of such data for treatment management. For collection of massive data from general population, we have discussed the National 
Institutes of Health’s flagship program, -All of Us. For empowering individuals in risk assessment and management of identified 
risks, we have discussed ambulatory diagnostic devices, blood pressure monitors, and continuous glucose monitors. As an example 
of futuristic approach for the integration of diagnostic tools, we have discussed the products developed by LD-Technologies, 
Miami, Florida by Dr. Albert Maarek and associates. There are thousands of mHealth apps available for download, and not all are 
of great use in developing, a seamless diagnostic platform, that we at AayuSmart are trying to put together for cardiometabolic 
risk stratification, risk prediction, and risk management. We have provided, just a brief glimpse of available tracking, computing, 
collating, and the software analytical capabilities that exists, and discussed how innovators are trying to use them to build novel 
diagnostic tools. Despite the important role of telemedicine and internet of things (IOT) in disease management, and healthcare 
delivery, we have not discussed those applications. In this overview, we have discussed the use of emerging diagnostic tools, for 
obtaining data at the population level, personal level, as well as for clinical settings. Having said that, we must inform the readers, 
that there is a great difference between the consumer devices (wrist-worn activity trackers), medical devices (FDA cleared or CE 
Marked), and a variety of technologies that are in use, but not yet considered clinical testing devices.(International Journal of 
Biomedicine. 2020;10(3):189-197.) 
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Introduction
Cardiometabolic diseases, such as hypertension, 

obesity, type 2 diabetes (T2D), and vascular diseases have 
increased in their prevalence and incidence, to epidemic 

proportions worldwide.(1-10) Considering the rates of severe 
obesity in children in the USA, in 2010, the US Whitehouse 
established the first ever Task Force on childhood obesity, to 
end this public health problem, within one generation. Follow-
up reports indicate, significant progress in communities across 
the nation. Obesity is a major risk factor, for the development 
of T2D. Added to this observation, it is worthwhile considering 
another contributing factor, pre-diabetes. According to a 
NHANES 2011-2012 survey, prevalence of prediabetes 
was 36.5% among US adults, which is three-fold greater 
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than diabetes incidence in the USA. Obesity and diabetes 
contribute significantly, to the development of vascular 
pathology. They produce a variety of structural and functional 
alterations. Like the obesity and diabetes, CVD burden varies 
among the US states.(10) American Diabetes Association says, 
over 30 million Americans live with diabetes; 84 million more 
have prediabetes and the epidemic keeps growing. Unless we 
act now, one in three Americans will be diagnosed with this 
disease by 2050. The Sustainable Development Goals also 
include, a target to reduce the proportion of premature deaths 
due to NCDs, including diabetes, by one third by 2030. Global 
Burden of Disease Study 2010 (GBD2010), a collaborative 
project led by the Institute for Health Metrics and Evaluation 
(IHME), at the University of Washington, announced its 
findings to the Royal Society London. Robust management of 
modifiable risk factors for CVD development, have reduced 
significantly CVD-related deaths in industrialized nations. 
Following a healthy diet with increased physical activity, 
seems to be the most effective, least expensive choice for 
reducing, or reversing this disease burden.

President Barack Obama announced a research initiative 
in 2015,  that aims to accelerate progress towards a new era of 
precision medicine (www.whitehouse.gov/precisionmedicine). 
“Tonight, I’m launching Precision Medicine Initiative to bring 
us closer to curing diseases like cancer and diabetes- and to give 
all of us access to the personalized information we need to keep 
ourselves and our families healthier.”(11) Precision medicine 
is a personalized medicine, that has been further refined by 
inputs from diverse fields such as genetics, epidemiology, and 
pharmacogenomics. Part of the effort of this grand visionary 
initiative was “All of Us, Research Program.(12) The All of Us 
research program aims, to enroll a diverse group of as least 
one million persons in the United States, in order to accelerate 
biomedical research and improve health. The program aims 
to make the research results accessible, to participants and it 
is developing new approaches to generate, access, and make 
data broadly available to approved researchers. Elements of 
the program protocol include health questionnaire, electronic 
records (EHRs), physical measurements, the collection and 
analysis of biospecimens. This one of a kind projects, with 
over a billion-dollar budget is what we consider a ‘Top Down 
Approach’ to the precision medicine, because this program 
according to the article, does not focus on any set of disease 
or health status. Having said that, there is a component of the 
program, which is novel and useful. Participants of this program 
will have the opportunity, to contribute data from sensors and 
mobile health devices, and be contacted for future research 
opportunities. In other words, the All of Us cohort will thereby 
provide data for prospective, retrospective, and cross-sectional 
analyses.

Fitbit Inc. has been selected to provide wristband 
activity trackers, for the National Institutes of Health’s largest-
ever research programs, - All of Us, an ambitious effort to 
recruit and collect data from 1 million people in the USA. The 
program according to reports, collects genetic information 
from participants, and uses wearable devices to track health-
related metrics, including heart rate and sleep patterns. We and 
others believe that wearables, real-time big data acquisition, 

software analytics, artificial intelligence, machine learning, 
and algorithms are going to be a large part of the future digital 
health. Simple measurements like heart rate and sleep patterns, 
can indeed provide valuable information about physical 
activity, performance, and overall wellness. In a press release, 
(05/13/2017) Dr Conor Heneghan, sleep research scientist at 
Fitbit, presented his findings of the study, “Estimation of sleep 
stages using cardiac and accelerometer data from a wrist-worn 
device at SLEEP-2017, the joint conference of the American 
Academy of Sleep Medicine and Sleep Research Society in 
Boston. According to these experts, analysis of 4 billion nights 
of Fitbit sleep data supports scientific theories, that sleeping 7+ 
hours can positively affect sleep quality. Fitbit, the leader in the 
connected health and fitness wearables, has validated the ability 
of wrist-worn trackers that incorporate movement and cardiac 
sensors, like ‘Fitbit Alta HR’, ‘Fitbit Blaze, and Fitbit Charge 2’, 
to accurately determine light, deep, and REM sleep stages. 

Fitbit is sold in 110 countries and over 28 million people 
use it to track their activity. Twenty million people use  Fitbit 
Community FEED app. Individuals who are 18 or older and use 
smart activity trackers, such as Fitbit, Apple Watch, Amazfit, 
Garmin Watch, can join the Scripps Translational Science 
Institute (STSI), study and consent to share their data by down 
loading the MydataHelps mobile app (www.detectstudy.org). 
STSI is now partnering with Fitbit to enable users to synch 
their mHealth wearables, with the national All of Us research 
program. In addition to this partnership, Fitbit has launched 
Fitbit Heart Study, its first large-scale virtual study, to validate 
the use of wearable technology, to identify episodes of irregular 
heart rhythm suggestive of atrial fibrillation (AF). To track the 
heart rate, Fitbit’s devices use optical heart rate monitoring, 
or photoplethysmography (PPG) technology, to measure the 
rate of blood flow directly from user’s wrist. Fitbit’s algorithm 
will analyze for irregularities, in the Fitbit Heart Rate Study. 
The participants who receive a notification about an irregular 
heart rhythm, will be communicated with a doctor for a virtual 
appointment at no cost, to get more information and may 
receive an electrocardiogram (ECG) patch in the mail, at no cost 
to confirm notification.

A few years ago, we were trying to advocate the 
use of Fitbit for monitoring sleep patterns, as a part of our 
cardiometabolic disease prevention protocol, at the prestigious 
Indian Institute of Science (IISc), Bengaluru, India. The 
occasion was the ‘inauguration ceremony’ of a collaborative 
program between the Stanford (USA) Researchers and the 
staff of IISc. When we proposed our idea of using the Fitbit for 
following sleep patterns, the Stanford Researcher expressed 
his disapproval, -for use of a cheap wrist worn activity tracker 
in a research program. What then made the Fitbit the choice 
wearable for use in one of the largest studies put together by 
the prestigious National Institutes of Health (NHI), USA and 
the Scripps Translational Science Institute? STSI was founded 
in 2007 with the specific aim, - to individualize healthcare 
by leveraging the remarkable progress made in human 
genomics and combining it with the power of wireless digital 
technologies.

An analysis published by the Federation of American 
Societies for Experimental Biology (FASEB) Journal found, 
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that Fitbit devices are the most commonly used trackers in 
biomedical research, including published work (89%), clinical 
trials (83%), and NIH-funded research (95%). To-date, more 
than 470 published studies have utilized a Fitbit device, which 
is more than any other consumer wearable brand, including use 
of wearables in areas such as diabetes, cardiovascular health, 
oncology, mental health and post-surgery. “Most of what 
researchers know, is based on intermittent snapshots of health 
in an artificial setting or based on personal recall,” said Steven 
Steinhubl, MD, Cardiologist and Director of Digital Medicine 
at STSI. “Through this research program, we’ll have access 
to comprehensive activity, heart rate, and sleep data, that may 
help us better understand the relationship between lifestyle 
behaviors and health outcomes, and what that means for 
patients on an individualized basis.” Canadian researchers 
have validated the accuracy of Fitbit devices. In a systematic 
review and narrative synthesis, the authors concluded, “Other 
than for measures in adults with no limitations in mobility, 
discretion should be used when considering the use of Fitbit 
devices as an outcome measurement tool in research or to 
inform health care decisions.”(13)

Cardiometabolic diseases are lifestyle diseases, 
therefore changes in lifestyle, healthy diet, and exercise, go 
a long way in preventing the development of risk factors for 
these chronic diseases. 

Harvard Medical School, under the title, “Trusted advice 
for healthier life” sates, that exercising regularly every day if 
possible, is the single most important thing you can do for your 
health. In the short term, exercise helps to control appetite, 
boost mood, and improve sleep. In the long term, it reduces the 
risk for heart disease, stroke, dementia, depression, and many 
cancers.(14-24) Several clinical studies, indeed, have demonstrated 
the benefit of healthy lifestyle in preventing premature mortality 
due to these diseases.(25-27) The range of health and fitness trackers 
and wearable technologies, have multiplied since the time Fitbit 
launched its activity tracker in 2009, reflecting the widespread 
interest and desire to be physically active. We and others believe, 
that the fitness technologies have potential, to significantly 
impact public health, research and policies.(28,29) We suggest 
in this overview, some of the novel ways these technologies 
could be integrated for fine tuning the cardiometabolic risk 
assessment, risk prediction, and risk management.(30-34)

Discussion
Framingham Heart Study (FHS) is a collaborative project 

of the National Heart, Lung and Blood Institute (NHLBI) of 
National Institutes of Health (NIH) and Boston University.(35) 

According to their web site (https://www.framinghamheartstudy.
org), in 1948, Framingham heart study (FHS) scientists and 
participants embarked on an ambitious project, to identify risk 
factors for heart disease. Today, the study remains a world-class 
epicenter for cutting-edge heart, brain, bone and sleep research. 
The Framingham Risk Score is computed, based on findings 
of the FHS about various risk factors associated with the heart 
disease.(36) Various professional organizations such as American 
Heart Association, Mayo Clinic, Cleveland Clinic and many 
other independent sources, have developed heart disease risk 

calculators. Framingham Heart Study Group from Boston 
University developed Cox proportional-hazards regression, to 
evaluate the risk of developing first CVD event using data from 
8,491 Framingham participants. Sex specific multivariable 
risk functions (“general CVD” algorithms) were derived that 
incorporated age, total and high-density lipoprotein cholesterol, 
systolic blood pressure, treatment for hypertension, smoking, 
and diabetes status.(37) Canadian clinicians have published their 
perspective on the practical use of the Framingham risk score 
for primary prevention.(38) They have developed a tool for use 
with Canadian Cardiovascular Society (CCS) guidelines. It will 
calculate risk scores using new algorithms. It runs on Firefox, 
Google Chrome, or Internet Explorer and requires JavaScript. It 
is available at www.palmedpage.com. The Rasmussen Center 
at the University of Minnesota has, for the past 18 years, has 
been performing a noninvasive cardiovascular evaluation in 
individuals, with no history of cardiovascular disease (CVD). 
The diagnostic study assesses the severity of functional and 
structural abnormalities in the small arteries, the large arteries, 
and left ventricle. Preliminary follow-up data have revealed 
a striking relationship between the Disease Score, which 
represents the sum of abnormal tests, and the risk of future 
morbid events.(39) The ten tests of vascular and cardiac health 
they assess include; sitting blood pressure, treadmill exercise, 
small artery elasticity, large artery elasticity, optic fundus 
photo, carotid intima thickness, microalbuminuria, ECG, Left 
Ventricular ultrasound, B-type naturitic peptide (BNP). Each of 
these tests are evaluated as normal (Score 0), border line (Score 
1), and abnormal (Score 2). An individual with ten abnormal 
score test will have a score of 20. The authors have screened over 
1000 patients, and arbitrarily and temporarily have identified 
total scores of 0, 1 and 2 as low risk, 3 to 5 as moderate risk and 
score > 6 as high risk.(40)

Noninvasive Diagnostic Tools for Early 
Detection of Metabolic Risks

Common metabolic risks that promote the development 
of chronic metabolic disease include, oxidative stress, 
alterations in the circulating vasoactive compounds, 
altered blood flow, increased blood sugar, elevated  blood 
lipids, altered blood flow, endothelial dysfunction, arterial 
stiffness, subclinical atherosclerosis, hypertension, excess 
weight, obesity, prediabetes, diabetes and vascular diseases. 
Founder, Director, Professor Jay Cohn of Rasmussen Center 
for Cardiovascular Disease (CVD) Prevention says, that 
earliest biomarker for CVD is the development of endothelial 
dysfunction. According to him, “No endothelial dysfunction; 
no vascular disease.” Excess weight and obesity could be 
computed by measuring body mass index or the Hip/Waist 
ratio.(8) We have described a variety of noninvasive diagnostic 
tools, that can be employed for early detection of metabolic 
risks and management of identified risks.(30-34, 40-43)

Pulse wave velocity (PWV), is measured by devices, 
that use either probes or cuffs to noninvasively track the 
speed of blood flow in meters per second. One measurement 
is taken at the carotid artery and one at the femoral artery, and 
the difference between the two-calculated by the device- is 
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the current gold standard measure for aortic stiffness. At the 
University of Minnesota, the Heart Disease Prevention group 
uses CV-Profiler developed by Hypertension Diagnostics of 
Minneapolis, Minnesota (www.hypertesnsiondignotics.com). 
PWV Collaborative Group analyzed the data from 12 studies, 
in a total of 15, 220 subjects with 1779 combined events. Their 
conclusion was, that adjusting for conventional risk factors, they 
showed that the predictive value was strongest in those younger 
than 50 years of age. With aging comes arterial stiffness, comes 
blood pressure (BP) elevation, comes pulse pressure increase, 
which can be measured by Family Practitioners. Availability 
of cost-effective, reliable smart applications that measure 
arterial stiffness or endothelial dysfunction means, that primary 
care clinics will be able to utilize this technology.(44) Kelly and 
associates, at the University of Minnesota assessed subclinical 
inflammation, insulin and endothelial dysfunction, before and 
after exercise in overweight children and adolescents. They 
found, just eight weeks of aerobic exercise improved fitness, 
HDL cholesterol, and endothelial dysfunction.(45) Researchers 
from East China Jiaotong University investigated, the effect 
of exercise intervention on lipid metabolism, vascular 
endothelial function, adropin levels, and found similar 
encouraging results.(46) Yet another, major metabolic risk is 
the altered blood pressure, which could be monitored easily 
and accurately by using ambulatory blood pressure monitors. 

Abbott Diabetes Care has launched an FDA approved 
continuous glucose monitor (CGM). We had an opportunity 
to validate this devise, when it was originally launched in 
India, for following glucose profile of T2D subjects. The 
press release at that time claimed, “First-of-its-kind flash 
glucose monitoring system from Abbott, to revolutionize 
diabetes management in India.” India was the first country, 
to globally launch this technology. Software presents data in 
a user friendly, visual charts, enabling productive treatment 
discussions. The Dexcom G6 (www.dexcom.com/G6.CGM) 
is the first CGM approved as both stand-alone device and one 
that can be integrated into automated insulin dosing systems. 
The composite glucose profile shown in Fig 1, is average values 
for interstitial glucose, collected and computed every fifteen 
minutes. In this profile, one can see a low of 117 mg/dl and a 
high of 205 mg/dl with a mean of 157 mg/dl. The disposable 
sensor collects data for a 14-day period and stores it indefinitely. 
The data can be downloaded to a computer and further analysis 
can be performed. In Dexcom G6, data are collected every 5 
minutes and therefore, one can get more data points in such 
profiles. Recent issues of JAMA (June 2020) have reported the 
results of studies on continuous glucose monitoring in Type-1 
patients.(47) 

Another major development in the noninvasive 
diagnostic tools for monitoring cardiometabolic risks, is a 
set of novel devices and integrated analytical systems, put 
together by Dr Albert Maarek and associates of Miami Florida. 
Products include, a blood oximeter, blood pressure monitor, 
and a galvanic skin response monitor, all FDA approved 
devices. Initial launch included, Sudo Path System (for 
detection of peripheral neuropathy and microcirculation), TM 
Oxi System (for detection of diabetic autonomic neuropathy 
and endothelial function), and ES Complex System (for early 

detection of diabetes related complications and treatment 
management). These systems were initially validated at 
the IPC Heartcare, Mumbai by Dr Pratiksha Gandhi and 
associates. A typical summary of results is presented in digital 
format (Fig 2) and in graphic representation in Figure 3.

Mainly, Sudomotor function evaluation is performed, 
to detect skin blood flow (microcirculation) and C-fiber 
density, for early detection of peripheral distal neuropathy 
in population at high risk. In brief, C-fiber damage could be 

Fig. 1. Interstitial Glucose Profile of an 80-year-old Patient 
(Personal Data).

Fig. 2. Summary Results of Cardiometabolic Risk Assessment 
(Courtesy: Dr Albert Maarek).

Fig. 3. Summary Results of Cardiometabolic Risks (Courtesy: 
Dr. Albert Maarek)
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associated with numbness and pain in hands and feet. The 
spectral analysis, of the photoplethysmography method is 
non-invasive, fast, operator-independent, and cost-effective, 
as only an oximeter and galvanic skin response devices are 
required in order to assess in a single testing, the autonomic 
nervous system and endothelial function. The spectral analysis 
techniques used on the photoplethysmogram, as outlined in 
this study, could be useful when used alongside conventional 
known cardiovascular disease risk markers.(41)

Risk scores computed for various functions tested are 
digitized and color-coded. Abbreviations used in the following 
summaries of results include: ANS; Autonomic nervous system, 
BMI: Body mass index, CAN: Cardiovascular autonomic 
neuropathy, DAN: Diabetic autonomic neuropathy, CMRS: 
Cardiometabolic risk score, CVD: Cardiovascular disease, 
DVP: Digital volume pulse, ESRNO: Electric skin response to 
nitric oxide, FFT: Fast Fourier transform, FFTPTG: Frequency 
spectrum of PTG data, FGP; Fasting plasma glucose, GHB: 
Glycosylated hemoglobin, HRV: Heart rate variability, PNS: 
parasympathetic nervous system, PTG: Photoplethysmograph, 
PTGHF: Component associated with R-R changes during 
various phases of breathing, SNS; Sympathetic nervous system. 
For additional information about the use of these devices for 
monitoring cardiometabolic risks, readers are urged to refer to 
our earlier publications.(41-43)

The bar graph above represents values for the fourteen 
risk clusters monitored. Cardiometabolic risk score is 
computed from the values derived by fat mass, spectral 
analysis of the pulse wave and the blood pressure (Systolic) 
data. The cardiometabolic risk (CMR Score) is quite high 
(CMR Score;15) hence shown in red. Individual risk factors 
that contribute to the overall increase in the CMR also are 
shown in the bar graph as red.

First risk bar (on the right) reflects the maker before 
treatment, the second risk bar (on the left) reflects the marker 
after the treatment (change in lifestyle, diet metformin and 
antihypertensive medications). In Fig. 4 a summary of results of 
all the test of a patient are presented in graphic form (CMR Risk 
Score 15). In the Fig. 4 the data of an early onset diabetic, before 
and after treatment is presented, showing the ability of the 
software to compute, compare values before and after treatment 
and generate composite risk scores (CMR Risk Score 4). 

Opportunities, Challenges and Limitations
American College of Cardiology (ACC) presents a 

Road Map for innovation on healthcare transformation in the 
era of digital health, big data, and precision health, presents a 
shared vision in their Health Policy Statements.(48) In the newly 
evolving, -novel, patient centered, evidence-driven models, in 
which rapidly evolving technology-based innovations play a 
very important role. “These include: digital health with wearable, 
smartphone, and sensor-based technologies; big data that 
comprises the aggregation of large quantities of structured and 
unstructured health information and sophisticated analyses with 
artificial intelligence, machine learning, and natural language 
processing techniques; and precision-health approaches 
to, identify individual-level risk and the determinants of 
wellness and pathogenicity. “Although there is promise in the 
development of such innovations, to shift traditional healthcare 
delivery to virtual and real-time methods and to empower 
the healthcare enterprise to utilize new technologies and data 
analytics, there remains a lack of true evaluation of whether 
these innovations improve outcomes and the quality of care.”(49) 
Looks like there is no way to avoid incorporation of new and 
emerging technologies, to improve the way the healthcare is 
delivered in future. Having said that, it is very important discuss 
the disconnect that exists, between the various stakeholders in 
this complex healthcare service. 

Fifty million people in the USA wear connected devices, 
to track activity and the number is expected increase to more 
than 160 million, with the introduction of smart watches. (49, 50) 
There is ever increasing number of direct-to-consumer smart 
medical devices available to track activity, performance, 
health status and wellness. We and others have described the 
use of Photoplethysmographic (PPG) sensors, to estimate the 
heart rate based on the transmission and absorption of light 
applied to the skin. Altered flow dynamics and blood volume 
caused by peripheral pulses, can be measured by dedicated 
photodetectors and light emitting diodes incorporated in 
wrist-worn bands or smartphone cameras. Collating data from 
PPG sensors with accelerometers can facilitate the detection 
of arrhythmias.(50) Having said that, it is essential to note that 
activity trackers, wearables although produce massive data 
on a real- time use, do not provide the needed analytics for 
computing the performance or risk stratification. According to 
the experts, even though PPG sensor can detect tachycardia 
or irregular rhythms, they cannot distinguish between the 
atrial fibrillation and premature beats, unless the software 
analytics includes dedicated algorithms that analyze beat-to 
beat variability. No data analytics and interpretation will ever 
replace a clinician, in the final decision making. In view of 
this fact, it will be extremely useful, if there is a collaboration 
between the innovator and clinicians (end users). 

Whereas the ambulatory blood pressure monitors, 
interstitial glucose monitors, which are US/FDA approved can 
indeed help the individuals as well as clinicians in monitoring 
the progression as well as treatment associated regression of 
these modifiable risks. Continuous glucose monitor is easy to 
use and relatively affordable and provide real-time data on 
interstitial glucose profile. The data can be shared by multiple 

Fig. 4. Patient Profile: Interaction of Markers and Treatment 
Management. (Courtesy: Dr A, Maarek, LD Technologies, 
Miami, Florida).
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users (patients, spouses, clinicians). The use of this device to a 
great extent empowers the user (diabetic patients) to track the 
glucose levels and observe in real-time, the effect of lifestyle 
changes, physical activity, diet, and medications. These types 
of devices can be used as Theranostic devices, -meaning use 
for both diagnostics and treatment management purposes. 
On the other hand, LD-technology products (www.ldteck.
com) like SudoPath and TM-Oxi systems provide risk score 
for over ten different cardiometabolic risks. Except for blood 
pressure, all other metabolic risks are proprietary software-
derived, therefore warrant clinical studies for validating 
specificity and efficiency. Having said that, we and others have 
demonstrated the usefulness of these devices for lifestyle and 
treatment management.(41-43,51,52) If clinically validated, these 
noninvasive diagnostic platforms, can be used for diagnosis 
of early metabolic risks and treatment management of these 
modifiable risks. 

In 2015 according to reliable sources, the market for 
wearables doubled to reach 1.5 billion USD. This does not 
seem to be the end of its growth. The market size for these 
health and activity trackers, is predicted increase to over 50 
billion in the next few years. New and better devices are coming 
all the time. There are great improvements in the sensors and 
chips used, as well as software analytics and algorithms. 
Newer wrist-worn trackers (simlemia.com), claim to have 
incorporated more accurate PPG sensors (3D acceleration 
sensor) and ECG chips (Nordic 52832) to improve accuracy. 
They report heart rate, blood pressure, blood oxygen, EKG 
tracings, sleep monitoring, as well as EKG reports. There are 
reports, that simple PPG-based screening of ECG by Kardia 
Mobile (AliveCor) device has been shown, to detect atrial rate 
and rhythm, AV block, and QRS delay with relative accuracy. 
Studies have shown that for AF screening, Kardia device 
has reported sensitivity of 98% and specificity of 97% and 
overall accuracy of 97% with an optimized algorithm. In our 
earlier studies, we too have reported excellent sensitivity and 
specificity of LD-technology risk management systems.(41-44) 
Murakami and associates from Japan studied, more than dozen 
wearables including Fitbit and concluded, “Although wearable 
devices for estimating energy expenditure are becoming 
increasingly popular, there is little evidence regarding their 
validity.(53) A report by experts in the NEJM, discusses the 
public health benefits and risks of mHealth and the challenges 
facing the FDA in regulating this technology.(54)

Future of Activity trackers, wearables and 
mHealth

We at the AayuSmart, India, are quite excited about the 
opportunities that exists, for the use of emerging diagnostic 
technologies, for providing better healthcare.(30-34,55-58) The 
fact that the premier health research institute of the USA, 
National Institutes of Health (NIH) has partnered with 
Fitbit for the first digital health technology initiative, to 
understand the relationships between physical activity, heart 
rate, sleep and health outcomes, speaks a volume about the 
opportunities. Furthermore, the launching of bring-your-own-
device (BYOD)program for the NIH’s flagship precision 

medicine program. -All of Us research project, has opened 
new and novel avenues for big data acquisition, analytics, risk 
stratification and management. NIH claims that the million-
person precision medicine study ‘a constant learning process.’ 
John Reites, chief product officer of Fitbit writes, “We are 
not only seeing this approach in post-approval research and 
registries but also phase 11/111 studies.” Scripps Translational 
Science Institute (STSI), has published their first report on, 
-Inter-and intraindividual variability in daily resting heart 
rate and its association with age, sex, sleep, BMI, and time of 
the year: Retrospective, longitudinal cohort study of 92,457 
adults. 

Cardiogram and Fitbit Inc. have partnered to bring 
Cardiogram’s suite of health monitoring features to Fitbit 
users around the world, with a goal to improve healthcare 
management, empower users, and potentially save lives. The 
Cardiogram app is a digital health and fitness diary, using 
heart rate and sleep data from wearables and displaying 
on a user’s phone with insights and tracking. Their press 
release (06/26/2019), claims, “Now, Fitbit users can access 
Cardiogram’s screening tools, which have been clinically 
validated to detect signs of conditions like diabetes, 
hypertension, sleep apnea, and atrial fibrillation data from 
Fitbit services (https://cardiogr.am/research). Fitbit users have 
the option to upgrade to Cardiogram Premium, - a subscription 
service that enables sharing live Cardiogram data, insights, 
and confirmatory tests with a loved one or caretaker, and easily 
export data to share with a physician. This is just the beginning 
of digital health application for the improvement of personal 
healthcare. Cardiogram has validated accuracy of an artificial 
intelligence-based algorithm (with over 14,000 participants), 
Deep Heart, to accurately detect multiple health conditions. 
Steven Steinhubl, the leader of the STSI’s All of Us research 
program concludes that, “Multi-omics longitudinal profiling 
of individuals, can detect subtle changes in health status at the 
earliest possible time point, allowing preemptive initiation of 
mechanism-appropriate, disease-prevention strategies.(57)

We at AayuSmart, India, would like to develop a 
similar personal healthcare platform for the early detection 
of cardiometabolic risks and management of modifiable 
risks. We would like to sponsor this project, through our 
professional society (SASAT) platform (www.sasat.rog). 
The approach will be like ‘All of Us’ research project. Any 
adult participant can register via our App and provide data for 
further analysis on our personal health portal. Once the data 
is acquired by any activity tracker, wearable or non-invasive 
diagnostic tools, our proprietary software with dedicated 
algorithms will analyze the data and generate risk score for 
cardiometabolic risks such as excess weight, hypertension, 
arterial stiffness, endothelial dysfunction, obesity, T2D and 
vascular diseases. To start with we will use the data from 
clinically validated diagnostic devices. We will also validate 
noninvasive diagnostic tools, for the specificity and accuracy 
in India for standardization purpose. Scripps researchers have 
launched a new study (DETECT study) to see if data collected 
from wearable devices, could be used to track flu-like illness, 
including Covid-19. We have initiated a similar tracking 
system in India. In addition to tracking severe respiratory 
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diseases, we are also tracking prevalence and incidence of 
cardiometabolic diseases. In a short overview like this, it is 
rather difficult to discuss all aspects of devices that are useful 
for future healthcare, readers are urged to refer to reviews and 
original articles on this topic.(55-63)

Conclusions
There are 325,000 health-related apps available for 

download from the app store. But only a tiny fraction of those 
are appropriate for clinical use. This has led the researchers, 
clinicians, as well as regulatory agencies, to appeal for a better 
oversight and regulation of the information in these apps. 
We and others feel, that there is a great disconnect between 
the entrepreneurs, researchers, software developers, and the 
end users such as clinicians and the patients. Many apps, for 
instance, the Fitbit like activity trackers are for that matter, 
even LD-technology products that we have described, are not 
seen as high-quality devices for diagnostics by the clinicians. 
Hardware used for developing this system are oximeter, 
blood pressure monitors, and galvanic skin response monitor. 
When the test starts recording the inputs from these devices, 
software collects the signals from these three devices and 
saves the recordings for further interpretation. Since this is not 
a dedicated device, like the ambulatory devices that we have 
discussed, one wonders how these biomarkers are derived? 
This is one of the reasons why, we feel that it is very essential 
for the device developers to work with the clinicians, during 
the development phase, and incorporate tests that are familiar 
to the clinicians. Majority of the clinicians use fasting blood 
glucose (FBG), impaired glucose tolerance (IGT) or HbA1c 
as gold standards for diabetes management. When they do 
not see such biomarkers, they feel uncomfortable to use these 
modern technologies, in their day-to-day disease management. 
One way to improve this situation is, to develop robust clinical 
validation for each of the biomarkers computed by software 
analytics. 

Since our interest is in the early detection of risk factors 
for cardiometabolic diseases, management of modifiable risk 
factors, we have envisioned use of emerging technologies, at 
three different phases of prevention protocol. The first phase 
is population-based studies. We feel the novel approach used 
in the ‘All of Us’ program could be used as model. Activity 
trackers are used by millions of individuals globally and would 
serve as a useful tool for obtaining massive amounts of data in 
real-time, on vital functions during various phases of activity. 
There is a great need to develop appropriate app to collect, 
collate, and analyze such data to derive useful information 
on prevalence and incidence of metabolic diseases at the 
population level. In addition, as is done with Cardiogram 
app, one can develop appropriate health portals, which can 
serve as a platform between individuals, care givers, and 
clinicians. Second level we have discussed in this article is 
the use of dedicated medical devices, such as ambulatory 
blood pressure monitors and continuous glucose monitors 
to empower the patients. The data collected from such 
devices also could be channeled to the health app for further 
processing and interpretations. The LD-technology products 

are novel, noninvasive and easy to use. They have used a 
sophisticated proprietary software, to compute individual risk 
factors and further derive cluster of risks and risk scores for 
cardiometabolic risks (CMR) and autonomous neuro system 
(ANS) risks. Clinical validation and ability to incorporate 
such calculated risk scores to fine tune the cardiometabolic 
risk would be very useful. 

There is great interest and excitement in the use of non-
invasive sensors, for obtaining data on physical activity, health 
status, fitness, and wellness. The incorporation of multiple 
sensors including, accelerometers, gyroscopes, goniometers, 
oscilloscopes, force sensors (pressure sensors), PPG sensors, 
can provide a wealth of information as seen in the few 
examples we have discussed in this overview. What we have 
outlined in this essay is a novel approach, for integration of 
emerging technologies, for the development of an affordable 
healthcare. One area of great importance, if perfected with 
appropriate clinical validation is, the integration of diagnostic 
and therapeutic systems into theranostic devices. Majority of 
devices these days have connectivity to smart platforms. As 
we have proposed in this article, one can build a health portal, 
which can collect the needed information on risk factors and 
available therapeutic interventions. Improved data collection, 
software analytics can improve the way we diagnose, alert 
the developing risks, manage and treat metabolic diseases. 
Thinking about the future of integrated diagnostics, one can 
visualize a novel precision medicine approach, characterized 
by the development of sophisticated software programs that 
will enable to collect, consolidate and integrate a large volume 
of different sets of data, within the same information system 
(cardiometabolic diseases), producing a fully integrated 
report, that will combine genetic, radiology, laboratory and 
pathology data for developing improved risk stratification and 
risk management.
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