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Abstract 

Prediabetes is a progressive, chronic condition characterized by abnormal glucose control 

that affects over one third of people in the United States1. While prediabetes is highly prevalent 

and has serious consequences, it is also seriously under-diagnosed— only ten percent of those 

with prediabetes are aware that they have the disease2 and for those who have been diagnosed, 

prediabetes is often poorly managed3–5. Innovative, practical strategies to improve monitoring and 

management of glycemic health are desperately needed. 

Non-invasive wrist-worn biometric sensors, often referred to as ‘wearables,’ are 

becoming nearly ubiquitous in the United States, with 117 million currently in use and an 

expected 100% growth in the next three years6. Because of this widespread use, wearables have 

important potential to aid in the development of digital biomarkers which will facilitate detection 

and monitoring of chronic diseases7,8. Digital biomarkers are digitally collected data (e.g. heart 

rate measurements from a wearable) that may be used as indicators of health outcomes (e.g. 

prediabetes). Important contributors to prediabetes, glucose control and variability, are 

physiologically linked to the autonomic nervous system (ANS)9–12 and wearable sensors have the 

capability to noninvasively measure metrics of the ANS8,13–16, suggesting the feasibility of 

utilizing non-invasive, wrist-worn wearable sensors to monitor glycemic health and improve 

monitoring of prediabetes. The primary objective of this dissertation is to explore the 

development of digital biomarkers from wearable sensors to assess glycemic health for remote 

diagnosis, monitoring, and management of prediabetes.  

Digital biomarker development is a rapidly growing field facing numerous challenges, 

including validation and optimization of wearable sensor data and a lack of standards for 

wearable sensor validation and digital biomarker development7,8. In this dissertation, we address 
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these challenges in order to develop a platform to assess the feasibility of developing digital 

biomarkers of glycemic health, which would aid in the early detection of prediabetes and the 

management of prediabetes.  

In this work we present a validation and verification framework for wearable sensor data 

and we use this framework to investigate sources of inaccuracy in wearable optical heart rate 

sensors. We determined activity levels, device type, and device to be significant contributors to 

inaccuracy of the sensors but showed that accuracy was not affected by skin tone. A problem with 

digital biomarker discovery is the need for data to be high resolution, which is at odds with the 

storage costs of data and battery power consumption. In order to optimize wearable sensor data 

for digital biomarker discovery, we determined the optimal sampling rate for optical blood 

volume pulse and found the optimal sampling rate for nearly all heart rate and heart rate 

variability metrics to be 21-64Hz. We then built and open-sourced a wearables data compression 

toolbox, testing five data compression methods on five different wearable sensor data types. We 

incorporated this toolbox in the Digital Biomarker Discovery Pipeline, an open source platform 

for the development of digital biomarkers to establish best practices for digital biomarker 

development that we launched as part of this work.   

Building upon the frameworks we developed for digital biomarker discovery, we showed 

the feasibility of using noninvasive wearables to estimate glucose variability metrics and 

hemoglobin A1c (HbA1c). We developed 11 glucose variability estimation models using non-

invasive wearables data that achieved high accuracy (<10% mean average percent error, MAPE). 

Our HbA1c estimation model using wearables data achieved MAPE of 5.1% on an external data 

test set and performed comparably to the American Diabetes Association estimated HbA1c model 

from continuous glucose monitors and our own continuous glucose monitor-based HbA1c 
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estimation model. This shows the feasibility of using noninvasive wearables for HbA1c 

estimation, although limitations of our study include a narrow HbA1c range, resulting in our 

models not being significantly different from the mean model. Combining estimation of glucose 

variability and HbA1c, we could greatly improve screening for prediabetes.   

We incorporated all of the previous work into the final component of this work, 

engineering putative digital biomarkers for intraday interstitial glucose prediction. In order to 

manage glucose fluctuations, it is important for patients to understand how their lifestyle habits 

may influence their blood glucose levels so that they can begin to appropriately manage their 

disease. There is a critical need for innovative, practical strategies to improve monitoring and 

management of glycemic health. In the final component of this dissertation, we demonstrated the 

feasibility of using noninvasive and widely accessible methods to classify glucose excursions and 

predict interstitial glucose values. We also show robust methods for both data-driven and domain-

driven feature engineering from noninvasive wearables. Furthermore, we compared population 

approach machine learning and personalized approach machine learning for the prediction of 

glucose and demonstrated the existence of a “crossover point” at which the personalized model 

accuracy exceeds the traditional population approach to modeling glucose. 

Overall, this dissertation addresses challenges to digital biomarker development, 

including validation and optimization of wearable sensor data, an absence of open-source 

methodologies, and a lack of standards for wearable sensor validation and digital biomarker 

development7,8,  in order to establish a platform for discovering digital biomarkers of glycemic 

health. We show feasibility of estimating metrics of glycemic health using non-invasive wearable 

sensors. Finally, we show the utility of digital biomarkers in the classification and prediction of 

interstitial glucose for intraday glycemic health monitoring and management. Because wearables 
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are prevalent in the general population, leveraging them for glycemic health monitoring could 

represent a major advancement in early detection of prediabetes and improved monitoring and 

self-management of prediabetes. 
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1. Introduction  

1.1 State of the Disease 

Prediabetes is a progressive, chronic condition characterized by abnormal glucose control 

and poor glycemic health. One in three people in the United States has prediabetes1, but 

prediabetes is diagnosed in only 10% of cases2 and is often poorly managed, leaving individuals 

with prediabetes at a high but preventable risk for developing type 2 diabetes. Type 2 Diabetes 

(T2D) is projected to be one of the ten leading causes of death globally by 203017 and is the root 

cause of a number of autonomic neuropathies, including progressive nerve degeneration, 

cardiovascular problems, and diabetic retinopathy18,19. Innovative, practical strategies to improve 

prediabetes identification and management are desperately needed because prediabetes is 

reversible and easily managed with lifestyle changes1,20.  

T2D is a progressive, chronic disease characterized by insulin resistance and a reduced 

production of insulin. Insulin is a hormone that is used to signal cells to transfer glucose from the 

bloodstream into the cells. When the body becomes resistant to insulin or does not produce 

enough insulin, glucose remains in the blood, causing hyperglycemia and progressive nerve 

degeneration, which wreak havoc on the autonomic nervous system. This in turn causes 

cardiovascular problems, diabetic retinopathy, and other loss of autonomic function. While the 

mechanisms causing T2D are not well understood, it is hypothesized that there are many 

influences including genetics and lifestyle factors21. T2D occurs gradually, and patients can be 

diagnosed with T2D at any point in their life.    

Prediabetes, the precursor to T2D, affects 1/3 of the US population1 and the prevalence is 

nearly 50% of the population aged 65 and older22. Prediabetes is characterized by blood glucose 

levels higher than normal (hyperglycemic) but not yet high enough to be classified as T2D. 
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Considered a high-risk state for T2D, 5-10% of people with prediabetes become diabetic 

annually, and according to an ADA expert panel, up to 70% of individuals with prediabetes will 

develop diabetes eventually17. An NHANES study showed that there were 79 million adults 

living with prediabetes in the United States in 2010 and it is projected that >470 million 

individuals will have prediabetes by 203017,23. Alarmingly, prediabetes is not only a warning sign 

of diabetes, but evidence suggests there is damage to both the kidney and nerves in the 

prediabetic stage24,25. Prediabetes is also a risk factor for macrovascular disease, including 

cardiovascular disease22.  

Diagnosing and treating prediabetes early can both prevent the progression of diabetes 

and mitigate the potential organ damage of prediabetes itself. Lifestyle accommodations 

including diet and exercise are important factors that can halt the progression towards T2D and 

even reverse the diagnosis of prediabetes22. A 3-year study conducted by the Finnish Diabetes 

Prevention Study found a 58% risk reduction in diabetes after interventions aimed at weight loss, 

dietary change, and increases in physical activity occurred during the prediabetic stage20. 

Prediabetes is reversible with lifestyle changes, therefore, identification and treatment of 

prediabetes is critical.  

Despite increasing evidence of the consequences of prediabetes and the reversibility of 

the disease through lifestyle changes, 9/10 of prediabetes cases go undiagnosed and unmanaged23. 

Prediabetes screening is insufficient. In a nationally representative sample, fewer than half of 

those who met the screening criteria set by the American Diabetes Association were actually 

screened for prediabetes26. This is due to a number of factors, one of which is that the current 

gold standard for diagnosing prediabetes, HbA1c, is a clinical blood test typically only given to 

patients deemed “higher risk” by their health care professional. This subjective system of testing 

results in many people not being tested for prediabetes or diabetes until they are already having 
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symptoms indicative of their more advanced progression. This clinical test is also limited to those 

who have access to healthcare, which limits those who are low-income or are in rural and global 

locations.  Furthermore, the management of prediabetes is limited to point-of-care clinical visits. 

There is currently no way of assessing day-to-day or week-to-week progression of the disease. 

While people with type 1 diabetes or other glycemic metabolism conditions monitor their glucose 

by measuring their blood sugar level with a blood glucose monitor or continuous glucose 

monitor, people with prediabetes are not prescribed and do not typically use these glucose 

monitoring devices. Furthermore, blood glucose meters can be painful and pricking the fingertip 

multiple times a day for years has been demonstrated to cause scarring and loss of 

perception/sensibility in the fingertip27. Continuous glucose monitors are infeasible for measuring 

glucose levels and fluctuations at the population level due to invasiveness and high cost, making 

scalability improbable. 

Access to healthcare is a significant barrier to widespread diagnosis and monitoring of 

prediabetes. 20% of Americans are uninsured28, 57 million Americans live in inaccessible, rural 

locations29, and diabetes disproportionately affects low-income Americans and minorities30. 

While diabetes affects 8% of all Americans, it targets minorities specifically, with 17% of Native 

Americans being affected by the disease, 13.2% of Hispanics, and 12.9% of African Americans31. 

According to the FDA, African Americans and Hispanics are 70% more likely to be diagnosed 

with diabetes compared to non-Hispanic whites31 and according to the US Department of Health 

and Human Services Office of Minority Health, Hispanics are 40% more likely and African 

Americans are twice as likely to die from diabetes-related incidents26,32. A combination of risk 

factors contributes to this including poverty, lack of access to health care, and poor diet from 

limited access to nutrition26,33. Blood tests for diabetes are invasive and expensive, and thus not 

usually performed without pre-existing conditions. Without access to healthcare, management of 
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prediabetes and diabetes can be difficult. Further, prediabetes and diabetes are becoming a global 

problem, as more developing nations are also developing a lifestyle similar to that of the United 

States. For these individuals, getting to the clinic and paying for the clinical blood test are often 

barriers to a diagnosis of prediabetes. By the time symptoms become more severe, the disease has 

progressed to T2D, bringing with it a host of comorbidities and costs associated with medication 

and monitoring equipment.  

1.2 Mechanisms of the Disease 

1.2.1 The Importance of Insulin 

The pancreas is an organ that is located behind the stomach and connects to the small 

intestine via the pancreatic ducts. Within the pancreas are pancreatic acinar, which are exocrine 

cells that release enzymes for digestion through the small intestine. Surrounding these pancreatic 

acinar are clusters of cells called the islets of Langerhans, endocrine cells that produce hormones. 

Within these clusters are Beta cells, the cells that secrete insulin. 

After eating a meal, there is an increase of glucose in the bloodstream. This causes 

glucose to enter the Beta cell through a Glut 2 transporter. The glucose undergoes the Krebs 

cycle, generating ATP, or energy. Normally in Beta cells, there is a negative gradient in the cell 

due to potassium ions flowing passively out of the cell. However, the increase in ATP caused by 

the glucose influx in the cell causes a depolarization cascade by inhibiting the passive outflow of 

the potassium ion, K+. This depolarization results in the opening of calcium ion, Ca 2+, gated 

channels and calcium ions enter the cell. This influx of calcium ions trigger insulin release from 

their vesicles within the cell. Insulin is released from the cell into the bloodstream.  

The insulin then targets insulin receptors or insulin sensitive proteins with the sole 

purpose of decreasing blood glucose levels. The main targets of insulin are insulin receptors on 
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the liver, skeletal muscle cells, and adipose tissue cells. In adipose tissue and skeletal muscle 

cells, insulin increases glucose uptake and glycolysis, or the storage of glucose. The binding of 

insulin with the insulin receptor triggers a cascade of events within a cell leading to increased 

uptake of glucose from the bloodstream. This is done by producing more glucose channels or 

transporters on the surface of cells, allowing glucose to move from the blood into the cells of the 

organs. Insulin also promotes glucose storage. The insulin has large impacts on the liver: 

increasing glycolysis, glycogenesis, protein synthesis, and lipogenesis. In the liver, insulin also 

decreases glycogenolysis, protein breakdown, lipolysis, and gluconeogenesis. Basically, insulin 

stimulates glycolysis and glycogenesis to store glucose as glycogen and stimulates glucose to be 

stored as fat which will then be transported to the adipose tissue.  

In a healthy person, insulin acts as a feedback mechanism for blood glucose. As blood 

glucose levels rise, more insulin is produced, which stimulates the uptake of glucose, reducing the 

amount of glucose in the bloodstream and returning the body to homeostasis (Figure 1). 

 

Figure 1. How insulin resistance affects the glucose metabolic cycle. 
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1.2.2 Insulin Resistance 

T2D is characterized by insulin resistance, which essentially means that insulin receptors 

do not work properly. Over time, insulin receptors become resistant to insulin. Although the exact 

underlying cause of insulin resistance has not been fully understood, a number of major 

mechanisms, including oxidative stress, inflammation, insulin receptor mutations, endoplasmic 

reticulum stress, and mitochondrial dysfunction have been suggested34. Insulin resistance results 

in higher blood glucose levels for a longer period of time, which can wreak havoc on systems 

throughout the body (Figure 1).  

1.2.3 Effects of Insulin Resistance 

Short-term effects 

In the short term, insulin resistance causes blood glucose not to be taken up efficiently by 

the liver, adipose cells, and skeletal muscle cells. This causes continued high blood glucose, 

which signals the Beta cells in the pancreas to secrete more insulin. Insulin resistance will cause 

the liver to not properly store glucose, and the liver will release more glucose in order to supply 

the organs that need it to function, further exacerbating the problem. Insulin resistance can lead to 

polyphagia, the feeling of hunger, due to the blood glucose not reaching the cells that need it to 

function properly. This can cause a cyclical effect of high blood glucose causing hunger, eating 

more food, and causing a buildup of glucose in the bloodstream. High blood glucose will 

eventually be secreted by the kidneys (glucose urea), which results in osmotic diuresis because 

glucose, which is water-soluble, brings water with it. This causes increased peeing (polyuria), 

which in turn causes a loss of water and electrolytes, leading to dehydration, and, in some cases, 

patients can reach a hyperosmolar state, which is a medical emergency. The dehydration will 

stimulate the brain to drink more water (polydipsia).  
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Prolonged Effects 

Dehydration caused by insulin resistance can lead to renal failure because of the decrease 

of blood flow to the kidneys. Prolonged insulin resistance will cause the Beta cells in pancreas to 

atrophy because the body is not responding to insulin properly. Eventually, this will result in the 

patient needing to supplement their insulin.  

As the disease progresses, vascular changes in diabetes can cause a number of micro- and 

macro- vascular complications. In the vessels of patients with diabetes, three things will 

eventually occur: atherosclerosis, arteriosclerosis, and inflammation. The alteration in vascular 

homeostasis due to endothelial and smooth muscle cell dysfunction are the main features of 

diabetic vasculopathy.  

When there is high blood glucose, endothelial cells in blood vessels will eventually take 

most of it up (even though endothelial cells in vessels do not need insulin to take up glucose). The 

result is an abundance of ATP energy, and the byproduct of this, reactive oxygen species (ROS). 

ROS leads to the formation of advanced glycosylated product and stimulates protein kinase C 

(PKC) activity. PKC activity, in turn, creates a continuous stimulatory cycle that leads to 

increased production of VEGF and other growth factors. This results in angiogenesis and cell 

growth and stimulates production of the endothelium, platelet aggregation, and nuclear factor 

Kappa B within the cell. Nuclear factor Kappa B is an inflammatory transcription factor that 

promotes the inflammatory process and causes increased expression of receptors for 

inflammatory cells. It also increases vascular permeability by stimulating cytokine production. 

This increased permeability allows monocytes and LDLs (low-density lipoproteins) that are 

circulating in the blood to pass through the endothelial layer. Upon entering the cell, the 

monocytes become macrophages, consume the LDLs, and transform into foam cells. Foam cells 

release inflammatory cytokines such as TNF alpha interleukin 1, which causes further 
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inflammation. Eventually, the foam cells cluster together and rupture within the tissue and cause a 

plaque. This cascade of events leads to vascular changes, including an increase in metabolic 

toxins and atherothromboses.  

These vascular changes can cause numerous micro- and macro- vascular complications. 

Microvascular complications can be broken down into retinopathy, neuropathy, and nephropathy. 

Macrovascular complications can be broken down into coronary heart, cerebrovascular, and 

peripheral vascular complications. Retinopathy complications include cotton wool spots, 

hemorrhage, microaneurysm, and macular thickening. Neuropathy complications include the 

peripheral nervous system complications increase/decrease pain, painless injury, and decreased 

reflexes and the autonomic nervous system complications resting tachycardia, urinary frequency, 

and erectile dysfunction in men. Nephropathy complications include glomerulosclerosis and 

pyelonephritis (infection of the kidney). Coronary heart complications include chest pain, 

congestive heart failure, and dyspnea. Cerebrovascular complications include hemorrhage, 

cerebral infarct, and memory problems. Peripheral complications include atherosclerosis, 

gangrene, and ulceration.   

Summary of the Effects of Insulin Resistance 

Insulin resistance causes impaired glucose tolerance and prolonged insulin resistance 

causes Beta cell failure and subsequently, insulin deficiency, which causes further hyperglycemia. 

Excess glucose enters the endothelial cells of the vascular system, which results in the formation 

of or stimulation of the function of PKC, ROS, and growth factors including VEGF. This causes 

toxic diabetic metabolism, endothelial dysfunction, and vascular inflammation, leading to 

atherothrombosis. These vascular changes eventually lead to the micro- and macro- vascular 

complications that present with T2D35. 
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1.2.4 The Autonomic Nervous System and Diabetes 

One effect of insulin resistance is vascular damage, as we discussed previously. When 

damage occurs in small blood vessels transporting nutrients to nerves throughout the body, it can 

limit blood circulation to the nerves, causing the nerves to be deficient of nutrients and oxygen. 

Neurons are highly sensitive to oxygen and hypoxic damage and ischemia to the peripheral 

nerves can cause cell death. Additionally, Schwann cells surrounding some nerves also can 

become damaged due to metabolic reasons. Schwann cells are responsible for the myelin sheath 

around nerves, increasing transmission speed and protecting nerve fibers. Damage to these cells 

causes demyelination, reducing transmission speed and causing progressive nerve degeneration. It 

is also possible that there are direct metabolic effects on the nerves themselves. This nerve 

damage can cause loss of feeling including loss of pain, numbness in the extremities, and 

autonomic neuropathy.  

The autonomic nervous system (ANS) regulates the function of internal organs, affecting 

heart rate, digestion, respiratory rate, pupillary response, urination, and sexual arousal. The ANS 

branches into two divisions working in parallel: the sympathetic and parasympathetic nervous 

systems. The sympathetic division, commonly referred to as the “fight or flight” system, responds 

to stressful situations by causing the heart rate to increase, the pupils to dilate, and the palms to 

sweat. On the other hand, the parasympathetic division, “rest and digest”, conserves by slowing 

the heart rate, decreasing blood pressure, and stimulating the digestive tract. Under normal 

conditions, these systems work together to both keep the body at homeostasis and enable 

adaptation of the internal environment to changes in the external environment using stimulation 

and inhibition.  

In autonomic neuropathies, the balance between sympathetic and parasympathetic 

divisions is compromised. Subtle changes in the autonomic nervous system can be indicative of 
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nerve damage in the body resulting from diabetes. Diabetic autonomic neuropathy can result in 

severe symptoms such as dysphagia, gastroparesis, postural hypotension, urinary problems, and 

erectile dysfunction.  

1.3 Metrics of Diabetes: Glucose Control and Glucose Variability 

Glucose metabolism in the body is kept at homeostasis by the careful balance between 

blood glucose and insulin production. The Beta cells in the pancreas react quickly to a rise in 

blood glucose after a meal and carefully control blood glucose uptake by releasing insulin. In 

diabetes, however, this steady state process is degraded and abnormally high blood glucose result. 

An attempt to measure this control network and the variability in blood glucose has resulted in 

various metrics of glucose and glucose variability. Together, these metrics provide a more 

comprehensive picture of the glucose metabolism and its degradation due to diabetes progression. 

1.3.1 Glucose Control 

The measurement of glycosylated hemoglobin, or hemoglobin bound to glucose, 

(HbA1c) is used as a surrogate marker for the average glucose of a patient with diabetes. 

Essentially, the higher the blood glucose levels, the more glucose binds to hemoglobin, and the 

higher the HbA1c, which shows the percentage of the total hemoglobin that is bound to glucose. 

The average lifespan of a red blood cell is 3-4 months; thus, HbA1c measures the average blood 

glucose over the last ~3 months. The United Kingdom Prospective Diabetes Study in T2D and the 

Diabetes Control and Complications Trial in T1D demonstrated an exponential relationship 

between rising blood glucose and the risk of developing retinopathy, nephropathy, and 

neuropathy36. 

Several factors can affect the accuracy of an HbA1c test result37–39. Individuals with 

blood disorders such as sickle cell disease, thalassemia, or hemolytic anemia, may have a falsely 
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lower HbA1c since their blood cells have a shortened lifespan39. On the other hand, individuals 

with anemia, or iron deficiency, may have falsely high HbA1c results due to their red blood cells 

having an increased lifespan38. Additionally, certain kidney and liver diseases may affect the 

turnover rate of red blood cells and give inaccurate HbA1c results39. Minorities are 

disproportionately affected by conditions that cause uncommon forms of hemoglobin, which can 

result in falsely high or low HbA1c results39,40. HbA1c can also be skewed due to recent blood 

loss or transfusion39. 

HbA1c is the gold standard for the diagnosis and monitoring of prediabetes and diabetes. 

The standard of practice is to take an HbA1c measurement from a clinical blood draw. However, 

calculations to estimate HbA1c from continuous glucose monitors are also being explored41. 

1.3.2 Glucose Variability 

Glucose control has been the primary metric of diagnosing and monitoring prediabetes. 

However, glucose variability metrics may provide a more comprehensive picture of glucose 

health. Glucose variability, or glycemic variability (GV), is a metric of the fluctuations of blood 

glucose levels. While everyone has fluctuations in their blood glucose levels over the course of a 

day, GV is greatly increased in people with diabetes. GV is an established risk factor for 

hypoglycemia42 and has been shown to be a risk factor in diabetes complications43–45 and in 

prediabetes46–48. GV represents the stability of the glucose metabolism and can thus be indicative 

of progression of diabetes42. The pathophysiology indicates that GV is an important determinant 

of vascular damage49. Mechanisms of the adverse cardiovascular effects of glucose variability are 

often attributed to oxidative stress and have even been shown to be linked to endothelial 

dysfunction49. Hypoglycemia events, which are characteristic in patients with high GV, may 

trigger inflammation through the release of inflammatory cytokines. Additionally, hypoglycemia 

increases platelet and neutrophil activation. The sympathoadrenal response to hypoglycemic 
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events increases adrenaline secretion, which can result in arrythmias and increased cardiac 

workload. Further, this underlying endothelial dysfunction leads to increased vasodilation, which 

may contribute to the cardiovascular risk49.  

Patients with diabetes and prediabetes focus a majority of efforts on controlling glucose 

control, or HbA1c. This focus on lowering HbA1c (average glucose) and hyperglycemic episodes 

can lead to hypoglycemia if glycemic variability is also not reduced42 (Figure 2). In fact, it has 

been shown that intensive treatment to lower HbA1c results in increased risk for hypoglycemia42. 

 

Figure 2. Example CGM data recorded while on treatment to reduce HbA1c.  

As HbA1c decreases while glucose variability remains unchanged, more values fall in the 

dangerous hypoglycemic blood glucose range. 

 

Glucose variability can be found in over 6,000 publications indexed in PubMed at the 

time of this publication and is a significant metric in clinical research50. Over 20 metrics of 

glucose variability have been identified (Supplementary Table 1, Appendix B), which makes it 

difficult to examine and compare results across numerous research studies analyzing and drawing 

conclusions about glucose variability. There is little standardization of metrics and little 



 

13 

validation across studies42,51. Furthermore, the relationship between glucose control and glucose 

variability is poorly understood42,50. 

Previously, GV was difficult to measure. However, continuous glucose monitoring 

technology has enabled us to have access to these metrics in real-time. Continuous glucose 

monitoring (CGM) systems provide real-time, dynamic glucose information by tracking 

interstitial glucose values throughout the day. CGMs are commonly used in diabetes 

management, with 1.2 million diabetic patients using a CGM52.  

GV can be broken down into two principal dimensions-amplitude, which is linked to the 

scope of blood glucose extremes, and time, which pinpoints the rate of event progression42. 

Traditional metrics of GV are typically metrics of glucose amplitude, including the glucose 

management indicator (GMI) and mean amplitude of glucose excursions (MAGE). Time-

dependent metrics include time outside range (TOR), time inside range (TIR), low blood glucose 

index (LBGI), and high blood glucose index (HBGI). Fluctuations in blood glucose can produce 

interday and intraday variations, both of which have been found to increase the risk of 

hypoglycemia and glycemic excursions in the hyperglycemic range51, so many GV metrics can be 

measured and evaluated both inter-daily and intra-daily.   

 

Summary 

Glycemic intervention goals focused on lowering HbA1c alone could result in 

unbalanced treatment adjustments, potentially increasing the risk for hypoglycemia51. In order to 

have a more comprehensive picture of glucose health, glucose control must be combined with 

metrics of glucose variability. The gold standard for diagnosing prediabetes is HbA1c, a clinical 

blood test. This blood test is typically only given to patients deemed “higher risk” by their health 

care professional. It is also limited to those who have access to healthcare, which limits those who 
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are low-income or are in rural and global locations. Management of diabetes and prediabetes is 

limited to point-of-care clinical visits. There is currently no feasible, accessible way of assessing 

day-to-day or week-to-week progression of prediabetes. 

1.4 Metrics of Autonomic Nervous System Function 

Chronic hyperglycemia in prediabetics is strongly associated with progressive nerve 

disorders such as autonomic neuropathy, which manifests as decreases in heart rate variability 

(HRV)9, postural HR response10, and sudomotor function11,12. Clinical tests for autonomic 

neuropathy include reflex tests (Valsalva maneuver, cold pressor test, head-up tilt test), analysis 

of heart rate variability using electrocardiogram (ECG), and tests of sudomotor function. 

1.4.1 Clinical Tests for ANS Function 

Established tests of the ANS include those that examine cardiovagal heart rate, 

adrenergic function, and sudomotor function. These established tests have been summarized in 

Table 153. Here we will closely examine metrics of cardiovagal heart rate and sudomotor 

function, since a surrogate measurement using noninvasive, wrist-worn wearable sensors exists 

for these.  
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Table 1. Clinical Tests of the Autonomic Nervous System 

Test Mechanism of Action Endpoint 

Heart rate response to deep 

breathing 

Cardiovagal function Maximum HR variability under laboratory conditions 

with confounding variables controlled 

Valsalva ratio Cardiovagal function Derived from maximal HR generated by the Valsalva 

maneuver divided by the lowest HR following the 

maneuver 

Heart rate response to 

standing 

Cardiovagal function  

Beat-to-beat blood 

pressure recordings of 

Valsalva maneuver 

Adrenergic function Blood pressure 

Sustained hand grip Adrenergic function 

(sustained muscle 

contraction causes a rise 

in BP and HR) 

Blood pressure 

Blood pressure and heart 

rate response to standing 

Adrenergic function Blood pressure; heart rate 

Quantitative sudomotor 

axon reflex test (QSART) 

Sudomotor function Typically, recording from the forearm and three lower 

extremity skin sites are used to evaluate the 

distribution of postganglionic deficits. 

Thermoregulatory Sweat 

Test (TST) 

Sudomotor function Evaluates the distribution of sweating by a change in 

color of an indicator powder 

Sympathetic skin 

responses 

Sudomotor function The recorded skin potential measured via EMG is 

derived from activated eccrine sweat glands, and the 

amplitude and configuration are modulated by sweat 

gland epithelium and the overlying epidermis 

Sweat imprint Sudomotor function This is formed by the secretion of active sweat glands 

into a plastic imprint; can be used to determine sweat 

gland density; a histogram of sweat droplet size and 

sweat volume per area  

 

1.4.2 Variability in Heart Rate 

Heart rate variability (HRV) is widely used as a metric of autonomic nervous system 

function. HRV is the fluctuation in the time intervals between adjacent heartbeats54. HRV is 

commonly associated with the dynamic relationship between the two divisions of the autonomic 

nervous system: the sympathetic and parasympathetic systems and fluctuations in HRV can occur 

as a result of co-activation, co-inhibition, or activation of one and inhibition of the other division 

of the autonomic nervous system55. HRV can be broken down into the time and frequency 

domains. The primary metrics of HRV are summarized in Table 2. 
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HRV is standardly measured using electrocardiogram, or ECG. ECG measures the 

electrical activity of the heart, usually through leads and electrodes placed on the surface of the 

skin. Small electrical changes that result from cardiac muscle cell depolarization and 

repolarization create the characteristic ECG wave. From this waveform, HR can be calculated as 

well as HRV. Changes in ECG can indicate numerous cardiac abnormalities and is a diagnostic 

tool for a number of diseases and conditions. Standard ECG is not portable, so if a patient needs 

remote ECG monitoring, the require the use of a Holter Monitor with fewer leads and electrodes. 

Holter monitors are bulky, uncomfortable, and expensive. Recently, wearable patches have been 

utilized in place of Holter monitors, but they are still costly.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

17 

Table 2. HRV Metrics 

HRV 

Metric 

Summary Domain Description 

SDNN Standard 

deviation of 

the NN 

interval  

Time Corresponds to all of the cyclic components responsible for 

variability in the period of the recording since variance is equal to 

the total power of the spectral analysis. SDNN has a dependence on 

the length of the recording period because the total variance of HRV 

increases with the length of the recording. Accordingly, it is 

suggested by the Task Force that the time analyzed should be 

standardized56. Summarized, SDNN shows overall variability57. 

 

RMSSD  Square root 

of the mean 

squared 

difference of 

successive 

NN intervals 

Time This metric is reflective of the beat-to-beat variance in HR and is 

used to estimate the vagally mediated changes in HRV54. 

Summarized, RMSSD shows beat-to-beat variance in HR. 

pNN50 Percentage 

of adjacent 

NN intervals 

that differ 

>50ms 

Time The percentage of adjacent NN intervals that differ from each other 

by greater than 50ms. This metric is closely correlated with 

parasympathetic nervous system activity54.  

 

VLF 

Band 

Very low 

frequency 

Frequency This frequency band (0.0033-0.04Hz) is associated with several 

disease states including high inflammation, low levels of 

testosterone, arrhythmic death, and post-traumatic stress disorder54. 

Studies of VLF rhythm have shown that the VLF rhythm appears to 

be generated by the stimulation of afferent sensory neurons in the 

heart54. VLF in short-term recordings (<= 5 minutes) are typically 

not used in analysis56. 

 

LF Band Low 

frequency 

Frequency This frequency band (0.04-0.15Hz) has been demonstrated to be 

reflective of baroreceptor activity during resting conditions54.  

 

HF Band High 

frequency 

Frequency This frequency band (0.15-0.40Hz) corresponds to parasympathetic 

activity. It is often referred to as the “respiratory band” because it 

reflects the HR variations related to the respiratory cycle. This 

metric is highly correlated with the time domain metrics RMSSD 

and pNN50. Correlates of the HF band include power increase at 

night/decrease during the day and lower HF power with stress, 

panic, anxiety, or worry54. 

LF/HF  Ratio of LF 

and HF 

bands 

Frequency this ratio between the low frequency and high frequency bands 

relies on the assumptions that both PNS and SNS activity contribute 

to LF power and PNS activity contributes to HF power. Thus, this 

provides a ratio between parasympathetic and sympathetic nervous 

system dominance. A high ratio indicates parasympathetic 

dominance, whereas a low ratio indicates sympathetic dominance. 

Yet, many denounce this ratio because it does not reflect the 

nonlinearities in the relationship between the two divisions of the 

autonomic nervous system. Additionally, care must be taken when 

measuring this value because it is variable based on the length of 

recording54,56. 
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1.4.3 Sudomotor Function 

Sweat glands are effectors of thermoregulation and are primarily mediated by the 

sympathetic division of the autonomic nervous system13. Sudomotor dysfunction, defined as 

decreased sudomotor activity, is the earliest clinically detectable stage of autonomic neuropathy58. 

Clinical metrics of sudomotor function include thermoregulatory sweat test (TST), sympathetic 

skin response (SSR), and quantitative sudomotor axon reflex test (QSART). During a TST, the 

patient is placed in a sweat chamber and sweat secretion is measured with an indicator powder 

that changes color when exposed to moisture. SSR tests are based on the temporary change in 

skin electrical resistance in response to sweat gland activation13. During the test, electrical 

potentials are measured from electrodes on the palms of the hand and the soles of the feet while 

stimuli (sound, flash, touch, electrical) are applied. QSART assesses the sudomotor function by 

activation of the axon reflex. A device that measures sweat volume measures response while 

sweat capsules attached to the skin stimulate via acetylcholine iontophoresis in four locations 

(forearm, proximal leg, distal leg, and foot). QSART is currently the most precise evaluation of 

thermoregulation13. Results of the sudomotor function tests are interpreted by comparison with 

normative data12.  

Sweat glands contribute to both mechanical friction and thermoregulation. They also 

correspond to autonomic responses and serve as emotional expressions and social signals59. 

Neurons from the sympathetic division of the ANS innervate the eccrine sweat (sudomotor) 

glands, and their activity modulates conductance of an applied current60. This autonomic 

innervation of sweat glands can be measured by the changes in skin conductance at the surface 

due to sweat production. This measurement is known as electrodermal activity (EDA). 
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1.5 Wearable Sensors and the Personalized Medicine Revolution 

1.5.1 The Personalized Medicine Revolution  

(adapted from Bent, 2019 Duke Forge Blog61) 

A cultural shift in the “quantified self” has shifted perspectives in medicine towards 

personalized medicine62–64. Data-rich tools of personalized medicine include genomics data65–70, 

personal health devices71–80, social determinants of health81, nutrition82–86, and patient-reported 

outcomes64,87–90. 

By 2020, healthcare data is projected to exceed 2,000 exabytes (1 exabyte is equivalent to 

one billion gigabytes). Nearly unfathomable a decade ago, this explosion of healthcare data has 

the potential to revolutionize healthcare. Combining patient clinical data from electronic health 

records, genomics data, and wearables data, a vision of the not-so-distant future is a healthcare 

system driven by personalized medicine.  

According to the CDC, 90% of the nation’s $3.3 trillion in annual health care 

expenditures are for people with chronic and mental health conditions. Not only is the economic 

burden of chronic diseases astronomically high, but there are social, behavioral, and 

psychological consequences to both the individual and their families. Thus, it is of the utmost 

importance to address prevention and management of chronic diseases.  

A space with an immense amount of potential for addressing these concerns is wearables 

data. There are currently 60.5 million people in the US using 117 million wearable devices, which 

is expected to double in the next 3 years, according to eMarketer reports6. This significant rise in 

the accessibility of wearable devices and recent improvements in mobile health technologies 

provide an unprecedented opportunity to revolutionize chronic disease detection and intervention 

through the development of digital biomarkers, digitally collected data. Using big data techniques 
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and machine learning models, we can engineer, analyze, and model digital biomarkers to predict 

health outcomes and monitor health over time.  

1.5.2 Defining Wearable Sensors 

We will define wearable technologies, or wearable devices, as non-invasive measuring 

devices that are worn on the body and contain one or more sensors measuring some aspect of the 

body and/or environment. For example, a wrist-worn watch with an accelerometry sensor that 

measures movement by converting mechanical motion into electrical signal is a noninvasive, 

wearable device. In addition to mechanical sensors like accelerometry and gyroscopes, wearable 

devices can contain physiological sensors that use optical, electrical, acoustic, or thermal sensing 

components to measure physiological signals7,8, such as photoplethysmography, which is an 

optical sensor for blood pulse wave, from which heart rate can be derived. We will describe 

photoplethysmography in greater detail in the next section. Wearable sensors can also include 

biochemical sensors that measure glucose, alcohol, electrolyte, pH, oxygenation/gas or humidity7. 

Combined with mobile health (mHealth) technologies, wearables can be utilized in research and 

healthcare to provide longitudinal, continuous monitoring that was previously impossible. 

Mobile and wearable devices continue to gain popularity. Currently, 81% of Americans 

and 45% of the global population  have a smartphone91,92. Given the ubiquity of smartphones, 

mobile health is expected to reach a market size of $236B by 202693. There are over 300,000 

mHealth apps available on the major platforms and over 60% of people with smartphones have 

downloaded at least one mHealth app94. The popularity of wearable devices is also at an all-time 

high: by 2021, it is expected that 121 million Americans will use wearable devices6.  

The accessibility of mobile and wearable technology affords an unprecedented 

opportunity to provide mobile health care globally, and particularly to populations with limited 

healthcare accessibility, including low-income and rural populations that stand to benefit most 
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from mobile health. Mobile health monitoring and interventions are promising because they can 

improve health monitoring of patients who are unable to make frequent visits to a health care 

facility.  

1.6 Wearable Sensors  

We have previously described clinical evaluation metrics of autonomic nervous system 

function. Here, we discuss metrics of the ANS and diabetes that can be measured using non-

invasive, wrist-worn sensors. We introduce the metrics, sensor technology, and challenges.  

1.6.1 Optical Heart Rate/ Heart Rate Variability 

Photoplethysmography (PPG) is a cost-effective, non-invasive optical technique for 

measuring blood volume changes. Heart rate and heart rate variability can be extracted from the 

PPG signal. 

The simplicity of the technology makes it an excellent candidate for wearable devices. A 

standard PPG device is composed of a light source and a photodetector. The change in volume 

resulting from the pressure pulse is detected by illuminating the skin with a light-emitting diode 

(LED) and then measuring the amount of light transmitted (PPG with pulse oximeter on finger or 

earlobe) or reflected to a photodiode (PPG on wrist or forehead). Traditionally, PPG has been 

used to detect disorders of the heart, including premature ventricular contraction (PVC), 

ventricular tachycardia, and ventricular fibrillation95. A limitation of using PPG from wearable 

devices is that PPG is extremely susceptible to motion artifacts96–98.  

The amplitude of the PPG signal depends on the amount of hemoglobin in blood ejected 

from the heart with each systolic cycle, the optical absorption of blood, absorption by skin and 

various tissue components, and the specific wavelengths used to illuminate the vascular tissue 

bed99. During systole, the arterial pulsation is at its peak and the volume of blood in the tissue 
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increases. This additional hemoglobin in the blood absorbs more light and subsequently reduces 

the light intensity. During diastole, less blood is present in the vascular bed, thus increasing the 

amount of light transmitted (Figure 3A). 

 

Figure 3. A) Diastole and Systole PPG. B) Light Spectrum of LED. 

 

The PPG signal is composed of both an AC component and a DC component. The AC 

component is a pulsatile waveform that corresponds to cardiac synchronous changes in blood 

volume as a result of a heartbeat96,100. The DC component is superimposed on the AC component 

and has lower frequency components attributed to respiration, sympathetic nervous system 

activity, and thermoregulation96.  

PPG sensors are composed of two elements: a light source (typically a light emitting 

diode, LED) and a photoreceiver. Robust PPG sensing requires optimizing the choice of light 

wavelength in the LEDs101–105. In clinical pulse oximetry, red or infrared light is used and in 

commercial and research-grade wrist-worn devices, green light is used.  

There are both advantages and disadvantages to using shorter wavelength light 

(green/yellow or blue) and longer wavelength light (red and infrared) (Figure 3B). While shorter 

wavelength light is less susceptible to noise due to its higher signal to noise ratio, it is also more 
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strongly absorbed by melanin, corrupting signals from darker skin tones. For longer wavelength 

light, it is not strongly absorbed by melanin and will work on a wider range of skin tones, 

however, it is very susceptible to tissue noise and motion artifact. These tradeoffs are 

consequently why red/IR light are traditionally used in clinical practice (controlled environment 

with little, if any, motion) and green light is used in commercial wrist-worn devices (used in 

everyday life with ubiquitous motion artifact)101,106. The AC/DC ratio of the PPG waveform is 

reported to be much higher under green light107. Green light has the lowest susceptibility to 

motion artifact when compared to red, infrared, and blue light108. Compared to IR light, green 

light has a greater absorptivity for oxyhemoglobin and deoxyhaemoglobin109, which results in a 

better signal to noise ratio (SNR). Green and blue light (shorter wavelengths of light) are more 

strongly absorbed by melanin than longer wavelengths of light108. Blue light has not been 

traditionally used for PPG sensing due to its relatively shallow penetration depth into tissue108. 

Red and IR light have a deeper penetration depth into the tissue, which provide better 

measurement for deep-tissue blood flow (i.e. muscles)109 (Figure 3B). However, being able to 

provide deeper penetration allows for more artifact from surrounding tissues. It has also been 

found to be more susceptible to motion artifacts108. Red and IR light are not significantly affected 

by melanin in the skin109.  

Before PPG sensors can be used to make accurate health outcome predictions, however, 

there are challenges with the technology that need to be overcome. Limitations with the 

technology include inaccuracies due to activity conditions, signal crossover, and skin tone101. The 

PPG method measures changes in blood volume under the surface of the skin through changes in 

light absorption. There have been several studies showing that skin tone, thickness of 

subcutaneous fat, and skin ink (tattoos, henna) affect light absorption, leading to inaccuracies in 

PPG measurements110–112. The quality of PPG measurements can be attributed to melanin 
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concentration of skin and its related pigments of skin types because melanin is known to highly 

attenuate incident light with relevant wavelength illuminations103. Specifically, skin tones that are 

darker (and skin with tattoos) absorbs more green light, which is the LED light color used for 

commercial PPG sensors110. Even with the significant rise in accessibility of wearable devices, 

the adoption of consumer wearable devices has been lower in traditionally underserved 

communities. Although the accessibility of wearable devices holds large promise for bringing 

improved healthcare to underserved communities, wearable biosensors including PPG need to be 

tested and optimized to achieve sufficient accuracy across all skin and body types and under all 

movement conditions. 

1.6.2 Peripheral Skin Temperature 

Peripheral skin temperature is part of the thermoregulation of the body, which is a vital 

function of the autonomic nervous system. Skin temperature primarily regulates by the 

sympathetic nervous system via cutaneous blood vessels and sweat glands. Normal skin 

temperature is generally agreed to be 32 degrees Celsius113. While peripheral skin temperature 

has not previously been used as a metric of autonomic neuropathy, several studies of plantar skin 

temperature in diabetics have reported significant changes in skin temperature in the feet of 

diabetics when compared to a healthy population114,115. Furthermore, skin temperature at the wrist 

has been shown to be associated with circadian rhythm116 and skin temperature at the wrist has 

previously been shown to assist in detection of infection117. 

Wrist-worn thermometers are typically optical thermometers, or pyrometers118. These 

sensors measure temperature by determining the intensity of light of a particular wavelength 

(usually infrared, IR) emitted by the body.  All matter emits energy in the form of IR (heat). If 

there is a temperature difference between objects (in this case, the body and the surrounding air), 

this gradient can be measured and used for calculating the temperature118. IR temperature sensors 
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focus light from the body onto the detector, or thermopile119. The thermopile absorbs this IR 

radiation and turns it into heat, which is transformed into electricity. The amount of electricity 

produced is therefore directly proportional to the temperature of the body119.  

1.6.3 Electrodermal Activity 

Sweat glands contribute to both mechanical friction and thermoregulation. They also 

correspond to autonomic responses and serve as emotional expressions and social signals59. 

Neurons from the sympathetic division of the ANS innervate the eccrine sweat (sudomotor) 

glands, and their activity modulates conductance of an applied current60. This autonomic 

innervation of sweat glands can be measured by the changes in skin conductance at the surface 

due to sweat production. This measurement is known as electrodermal activity (EDA).  There are 

two components to EDA analysis: the time and frequency domains. Time-domain EDA includes 

both slow shifts in basal skin conductance level (SCL) and rapid transient events (skin 

conductance responses, SCR, or galvanic skin responses, GSR)120. Non-specific SCRs (NS.SCR) 

are the number of SCRs in a period of time and are a measure of tonic stress produced during 

stimuli120. Frequency domain metrics of EDA include the time-invariant EDASymp, based on 

power spectral analysis, and time-variant TVSymp, based on time-frequency analysis121,122. The 

frequency domain analysis has less variability than the time domain analysis122.  

Other areas of exploratory analysis of EDA is in daily mean and median skin 

conductance (to measure changes in average over time), daily variance and standard deviation (to 

measure variability of signal), and number of EDA peaks (or responses) per day or per time 

period (more spikes may indicate more variability of electrodermal activity, and therefore 

neuropathy of the ANS).  

EDA can be measured in several different ways: bioelectric measurements including skin 

potential, resistance, conductance, admittance, and impedance123. Current wrist-worn sensors 
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measure the conductance across the skin by passing a small current between two electrodes in 

contact with the skin124. 

1.7 Digital Biomarkers 

The digital health landscape has seen rapidly expanding growth due to the number of 

chronically ill patients and health system utilization in the US being at an all-time high125. Mobile 

devices and wearable technology have facilitated continuous monitoring beyond clinic visits and 

have enabled significant developments in personalized medicine and mobile health7,126.  

1.7.1 Defining a Biomarker 

A joint task force from the Food and Drug Administration and the National Institutes of 

Health have defined a biomarker as a ‘defined characteristic that is measured as an indicator of 

normal biological processes, pathogenic processes, or responses to an exposure or 

intervention’127. This working group also defined biomarker subtypes in the BEST (Biomarkers, 

EndpointS, and other Tools) Resource127,128. These subtypes are summarized in Table 3. Since the 

focus of this thesis is on predicting, identifying, and monitoring diseases/conditions, we will 

refrain from discussing the biomarkers that are involved in the responses and effects of exposure 

to medical products and/or environmental agents.  There are 4 types of biomarkers that are 

centered around diseases/conditions: susceptibility/risk biomarkers, diagnostic biomarkers, 

prognostic biomarkers, and monitoring biomarkers (Table 3). Susceptibility/risk biomarkers are 

indicative of susceptibility of developing a disease/condition prior to showing any clinically 

actionable symptoms. Diagnostic biomarkers detect and/or confirm the presence of a 

disease/condition while prognostic biomarkers identify disease/condition recurrences or 

progression given an individual who already has the disease/condition. Monitoring biomarkers 
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assess the status of the disease/condition given an individual who already has the 

disease/condition.  

Table 3. Biomarker Classification 

Biomarker Definition  

Diagnostic Biomarker Detect or confirm presence of a disease/condition 

Prognostic Biomarker Identify likelihood of a clinical event, disease 

recurrence or progression in patients who have 

the disease/condition of interest 

Susceptibility/Risk Biomarker Indicates potential for developing a 

disease/condition in an individual who does not 

currently have a clinically apparent 

disease/condition 

Monitoring Biomarker Assessing status of a disease/condition or for 

evidence of exposure to medical product or 

environmental agent 

Pharmacodynamic/Response Biomarker Show that a biological response has occurred in 

an individual who has been exposed to a medical 

product or environmental agent 

Predictive Biomarker Identify individuals more likely to experience 

effect from exposure to medical product or 

environmental agent 

Safety Biomarker Indicate likelihood, presence, or extent of toxicity 

as an adverse effect to a medical product or 

environmental agent 

Source: BEST (Biomarkers, EndpointS, and other Tools) Resource127 

 

1.7.2 Digital Biomarkers 

Digital Biomarkers are biomarkers developed from digitally collected data. Specifically, 

digital biomarkers are digitally collected data (e.g. intraday glucose levels from a continuous 

glucose monitor) that are transformed into indicators of health outcomes (e.g. glycemic health). 

They can be used to provide biomedical insights or improve health decision-making (e.g. 

encourage healthy lifestyle changes). Research in digital biomarker development spans fields and 

disease states, from movement-related disorders129 to breast cancer130 to Alzheimer’s disease131, 
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and can conceivably be applied to any area of health, wellness, and medicine. Digital biomarker 

development is a rapidly growing field: in the past decade, the number of digital biomarker 

studies indexed in PubMed has increased 325%132.  

1.7.3 The Digital Biomarker Development Process 

The digital biomarker development process starts with digitally collected data. Digitally 

collected data is a broad term that encompasses data collected from a variety of wearable, 

implantable, and other IoT connected devices. The growth of IoT (“Internet of Things”) has 

opened the door to acquiring health data continuously and in real-time from a variety of sensors, 

including smartphones, wearable smartwatches and smartbands, foot pods, and “smart” scales. 

Many digital sensors allow for continuous monitoring, which results in large amounts of 

longitudinal data. Digital Biomarker development requires not only this longitudinal data and 

computational skills, but also domain knowledge. Domain knowledge of the physiology of the 

disease/condition is critical for many aspects of the digital biomarker discovery pipeline, and it is 

especially important in feature engineering. Feature engineering is the extraction of important 

features from the data. Features can then be used to train machine learning models. Digital 

biomarker development is a combination of extensive data wrangling and exploratory data 

analysis for feature engineering, statistical analysis, machine learning, and/or deep learning.  

1.8 Challenges with Digital Biomarker Development, Validation, & 

Standards 

1.8.1 Validation and Verification of Digital Biomarkers 

One of the concerns with biomarkers in general is the validation of biomarkers against 

current biomarkers and endpoints. An endpoint is a precisely defined variable intending to reflect 

an outcome of interest that is analyzed using statistics to address a particular research 
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question127,128. Standards for evaluating biomarkers are currently being developed. When new, 

robust biomarkers of a disease/condition are developed, they may redefine the classification of a 

disease128. Validation is especially critical when considering digital biomarkers, which are 

relatively new metrics of health and wellness. 

There are three main points of validation to consider when evaluating digital biomarkers: 

validation of data from device/sensor, validation of the digital biomarker development process, 

and clinical validation of digital biomarkers. However, there currently exists no standards or 

frameworks to describe this process of verification and validation.  

1.8.2 Lack of Validation of Wearable Sensor Data 

As wearable technologies are being increasingly used for clinical research and healthcare, 

it is critical to understand their accuracy and determine how measurement errors may affect 

research conclusions and impact healthcare decision-making. Accuracy of wearable technologies 

has been a hotly debated topic in both the research and popular science literature. Currently, 

wearable technology companies are responsible for assessing and reporting the accuracy of their 

products, but little information about the evaluation methods is made publicly available.  

It is of critical importance to evaluate the accuracy of the wearable technologies that are 

being used in clinical research, digital biomarker development, and personal health. The lack of 

clarity surrounding the verification and validation procedures and the unknown reliability of the 

data generated by these wearable technologies poses significant challenges for their adoption in 

research and healthcare applications126,133,134.  

The combined market growth in healthcare and mobile and wearable technologies has 

prompted wearable device manufacturers to develop algorithms to process raw sensor data and 

aggregate this data into various health-related metrics. For example, while most wearable device 

manufacturers do not provide sample-level sensor accelerometry data, they instead provide 
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aggregate metrics like “activity intensity/duration” or “step count”. For example, Apple recently 

developed a FDA-cleared algorithm for binary (yes/no) detection of atrial fibrillation using the 

Apple Watch wrist-based electrocardiogram (ECG)135. These aggregate metrics may themselves 

act as digital biomarkers, or the metrics may be used and combined by researchers and clinicians 

to develop composite digital biomarkers. One major challenge facing the research and medical 

communities is that the manufacturer-developed algorithms are nearly always proprietary and 

information about the verification and validation process of wearable sensors and devices is not 

released to the public134. For robust and reproducible digital biomarkers, openness and 

transparency surrounding the evaluation of these digital tools is critical134,136. 

1.8.3 The Growth of Wearable Sensor Data & Associated Storage and Costs 

The progress of wearable technologies is creating a rapidly growing digital health trace, 

which poses significant challenges in healthcare data management137. By 2020, the total amount 

of digital healthcare data worldwide is projected to exceed 2,000 exabytes (equivalent to 2 trillion 

gigabytes)138. Healthcare data storage requirements are quadrupling every 2-3 years and are 

projected to cost up to $600 Billion per month by 2020 139,140 The growing need for data storage 

and compute power are driving a move toward secure cloud computing 137,141.  Currently, up to 

80% of health data collected in clinics is considered unusable because it is spread across 

numerous repositories and cannot be easily linked to the electronic health record (EHR)139. In 

addition to expanding medical storage capabilities, efficiency, usability, and compute power, we 

must determine how to trim data volumes appropriately to retain important information while 

removing unnecessary or repetitive information. 
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1.8.4 Growing Need for Open Source Resources for Developing Digital 

Biomarkers 

While the field of digital biomarker development has rapidly expanded across many 

domains, there are still challenges stemming from a lack of reference standards, transparency, and 

open resources. There is currently no community collaboration platform available for code and 

data contributions from the individual research projects across the wide variety of domains 

discovering digital biomarkers. 

Mobile health (“mHealth”) and wearables data present unique bioinformatic challenges. 

Specialized tools are required for mHealth data annotation, pre-processing, organization, and 

exploratory and hypothesis-driven analysis and validation. Building these specialized tools and 

algorithms requires considerable computational skills and experience. The multidisciplinary 

nature of digital biomarker development requires expertise spanning multiple domains and limits 

the number of possible contributors to digital biomarker development. Providing open source 

tools that can be validated by the digital biomarker community would not only make discovering 

digital biomarkers more accessible but would also instill confidence in their translation into 

clinical and research settings based on their transparency and interpretability. Open resources that 

bridge the stages of digital biomarker development will also enable those with different skill sets 

(i.e., computational expertise or clinical domain knowledge) to collaborate toward new digital 

biomarker discovery.  Tools that allow for collaboration in improving algorithms, validating 

known digital biomarkers, and discovering new digital biomarkers will enable much needed 

standardization and interoperability in this space. By pooling tools and resources, the global 

digital biomarker development community will be able to collaborate and accelerate progress.  

In the past couple decades, the field of high-throughput biomolecular analysis focused on 

developing data standards and open platforms for sharing code and data and validating 
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bioinformatic pipelines. The high-throughput biomolecular (genomics) industry worked more 

openly with the research community, which accelerated the pace of research in the genomics 

community142,143. As a result, research in this area has flourished142144–146. Similarly, standardized, 

open source data and software platform for the field of digital biomarkers would facilitate rapid 

research progress and collaboration with industry.  

1.9 Dissertation Objectives and Organization 

Prediabetes is a progressive, chronic condition characterized by abnormal glucose 

control. Affecting 1/3 of the US population1, prediabetes is a precursor to irreversible Type II 

Diabetes (T2D), projected to be one of the ten leading causes of death globally by 203017. T2D 

results in a number of autonomic neuropathies, including progressive nerve degeneration, 

cardiovascular problems, and diabetic retinopathy18,19. Thus, it is critical to address prediabetes, 

which is reversible and easily managed with lifestyle changes1,20. But prediabetes is 

underdiagnosed, with only 1/10 of those afflicted aware they have the disease2. Glucose control 

and variability are physiologically linked to the autonomic nervous system (ANS)9–12 and 

wearable sensors have the capability to noninvasively measure metrics of the ANS8,13–16.  

The data presented above suggests the feasibility of utilizing non-invasive, wrist-worn 

wearable sensors to monitor glycemic health. The objective of this study is to explore the use of 

digital biomarkers from wearable sensors to assess glycemic health for remote diagnosis, 

monitoring, and management of prediabetes. Digital biomarker development is a rapidly growing 

field with numerous challenges, including validation and optimization of wearable sensor data 

and a lack of standards for wearable sensor validation and digital biomarker development7,8. We 

will address these challenges in order to develop a platform for developing digital biomarkers for 

prediabetes management, which would aid in the early diagnosis of the disease and allow for the 
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implementation of lifestyle changes in order to prevent the onset of T2D. Accomplishing these 

objectives would demonstrate feasibility of using noninvasive tools for monitoring of glycemic 

health. Additionally, the product of these objectives provides much needed standardized 

frameworks for digital biomarker development and are extensible to the exploration of digital 

biomarkers for a number of diseases and conditions.  

The chapters of this dissertation are organized and formatted as publishable manuscripts, 

with each chapter addressing one of the following main objectives. 

1.9.1 A Framework for Validating Wearable Sensors for Digital Biomarker 

Development: the development of a generalized framework and the 

application of the framework to investigate inaccuracies in wearable optical 

heart rate sensors 

In our recently published paper, Verification, Analytical Validation, and Clinical 

Validation (V3): the foundation of determining fit-for-purpose for Biometric Monitoring 

Technologies (BioMeTs)147, we develop a generalized framework for the verification, analytical 

validation, and clinical validation (V3) of biometric monitoring technologies. Together with a 

dynamic team of digital medicine researchers and industry professionals, we combine established 

practices from both software and clinical development, with the definitions for verification, 

analytical validation, and clinical validation derived from guidance documents, historical, and 

current frameworks. We also establish a common language to describe the evaluation of 

biometric monitoring technologies to streamline trustworthy product development and regulatory 

oversight. In Chapter 2, we apply this framework to investigate inaccuracies in wearable optical 

heart rate sensors. To date, no study has systematically explored the accuracy of consumer- and 

research-grade wearables across the full range of skin tones and activities of daily living. 

Validation of wearable devices during activity and across all skin tones is critical to enabling their 

equitable use in digital biomarker development. We examined inaccuracies in 53 participants 
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over 4 different activities with 6 different devices. We analyzed inaccuracies including activity, 

skin tone, missingness, signal lag, and signal crossover using paired t-tests with Welch’s 

approximation and Bonferroni multiple hypothesis correction in addition to mixed effects 

modeling. The results presented in this chapter are published (Bent, et.al., 2020).  

1.9.2 Optimizing Wearable Sensors: Determining the minimum sampling 

rates and optimal data compression pipelines for digital biomarker 

development  

The objectives of the experiments in Chapter 3 were to develop an optimization 

framework for informing minimum sampling rates from wearable sensors and apply this 

framework to optical heart rate measurements on wearable devices. In the drive for personalized 

medicine, wearable sensor data will need to be stored in an accessible way. This sensor data may 

be used in the future for research purposes and potentially in healthcare practice by applying new 

digital biomarker algorithms to previously collected patient data to enable longitudinal evaluation 

of patients. Sampling rates are directly proportional to data resource requirements and there is a 

trade-off between battery power consumption of wearable sensors and the sampling rate. In this 

chapter, using data collected in Chapter 2, we determined the optimal sampling rate for optical 

blood volume pulse and found the optimal sampling rate for nearly all heart rate and heart rate 

variability metrics to be 21-64Hz. The results presented in this chapter are published (Bent and 

Dunn, 2020). The next step towards achieving our goal to minimize storage and costs associated 

with wearable sensor data is analysis of data compression strategies for wearable sensors, which 

we developed into a Biosignal Data Compression Toolbox in Chapter 4. The results presented in 

this chapter are published (Bent, et.al., 2021). 
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1.9.3 The Digital Biomarker Discovery Pipeline: Developing a comprehensive, 

open-source software platform for end-to-end digital biomarker development 

We explored interoperability challenges in the field of digital medicine in our recent 

publication, Digital Medicine Community Perspectives and Challenges: Survey Study (Bent, 

et.al., 2021), and discovered one of the three critical challenges to interoperability in digital 

medicine is standardization and open accessibility to digital medicine methods. In order to 

address the need for an open source resource to standardize computational biomarker 

development tools, we developed the Digital Biomarker Discovery Pipeline (DBDP) in Chapter 

5. We have designed and aggregated a complete toolbox for digital biomarker developers that 

describes the digital biomarker development process, from the input of sensor data to the 

development of statistical modeling, machine learning, and deep learning algorithms. We have 

performed integration with Open mHealth and MD2K Cerebral Cortex to establish the DBDP as a 

common resource for digital biomarker software. There is a clear need for this framework in 

order to propel the field of digital biomarkers beyond research and into the clinic. Our framework 

for developing digital biomarkers is extensible to all aspects of medicine, health, and wellness. 

The results presented in this chapter are published (Bent, et.al. 2020). The Digital Biomarker 

Discovery Pipeline has been used in several studies to develop digital biomarkers, including 

digital biomarkers of the flu (~Grzesiak, Bent, et.al., 2021; in review) and in human activity 

recognition (~Bent, et.al., 2021; in prep). 

1.9.4 Discovering digital biomarkers of glucose variability and glucose control 

from non-invasive, wrist-worn wearable sensors. 

The objective of this study, described in Chapter 6, is to explore the use of digital 

biomarkers from wearable sensors to predict glucose control for remote diagnosis and monitoring 

of prediabetes. In Appendix A, we describe our open source Python-based software for 
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calculating metrics of glucose variability from continuous glucose monitors (CGM). The results 

presented in Appendix A are currently under review for publication (~ Bent, et.al. 2021; in 

review). We utilized the software in Appendix A and the software developed in Chapter 5 to 

extract digital biomarkers of glucose variability and HbA1c from four wrist-worn sensors 

including optical heart rate, electrodermal activity, skin temperature, and accelerometry and 

develop estimation models of 11 glucose variability metrics and HbA1c. The results presented in 

this chapter are currently under review (~ Bent, et.al., 2021; in review).  

1.9.5 Demonstrating real-time indicators of glycemic state from features 

derived from non-invasive, wrist-worn wearable sensors 

Real-time indicators of glycemic state and abnormal glucose activity would enable 

continuous monitoring of prediabetes using noninvasive, inexpensive wearable devices. The 

objective of this study, detailed in Chapter 7, is to develop models that are predictive of glucose, 

which would provide a proof of concept for real-time wearables data glucose abnormality 

detection. We utilized the same cohort of data described in Chapter 6 to develop abnormal 

glucose classification and prediction models to detect glucose and abnormal glucose events. We 

also show robust methods for both data-driven and domain-driven feature engineering from 

noninvasive wearables. Additionally, we compared population approach machine learning and 

personalized approach machine learning for the prediction of glucose and demonstrated the 

existence of a “crossover point” at which the personalized model accuracy exceeds the traditional 

population approach to modeling glucose (Bent and Dunn, 2020). The results of this chapter are 

in preparation for publication (~Bent, et.al., 2021; in prep). 
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2. Investigating Sources of Inaccuracy in Wearable Optical 

Heart Rate Sensors 

This work was published in Nature Digital Medicine with co-authors B.A. Goldstein, 

W.A. Kibbe, and J.P. Dunn148. 

2.1 Preface 

Here in Aim 1.1, we apply the V3 framework we established in our recently published 

paper, Verification, Analytical Validation, and Clinical Validation (V3): the foundation of 

determining fit-for-purpose for Biometric Monitoring Technologies (BioMeTs)147, to investigate 

inaccuracies in wearable optical heart rate sensors. To date, no study has systematically explored 

the accuracy of consumer- and research-grade wearables across the full range of skin tones and 

activities of daily living. Validation of wearable devices during activity and across all skin tones 

is critical to enabling their equitable use in digital biomarker development. We examined 

inaccuracies in 53 participants over 4 different activities with 6 different devices. We analyzed 

inaccuracies including activity, skin tone, missingness, signal lag, and signal crossover using 

paired t-tests with Welch’s approximation and Bonferroni multiple hypothesis correction in 

addition to mixed effects modeling. 

2.2 Introduction 

Wearable technology has the potential to transform healthcare and healthcare research by 

enabling accessible, continuous, and longitudinal health monitoring. With the number of 

chronically ill patients and health system utilization in the US at an all-time high125,149, the 

development of low-cost, convenient, and accurate health technologies is increasingly sought 

after to promote health as well as improve research and healthcare capabilities. It is expected that 

121 million Americans will use wearable devices by 20216. The ubiquity of wearable technology 
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provides an opportunity to revolutionize health care, particularly in communities with 

traditionally limited healthcare access.  

The growing interest in using wearable technologies for clinical and research applications 

has accelerated the development of research-grade wearables to meet the needs of biomedical 

researchers for clinical research and digital biomarker development133. Consumer-grade 

wearables, in contrast to research-grade wearables, are designed, developed, and marketed to 

consumers for personal use. While research- and consumer- grade wearables often contain the 

same sensors and are quite similar functionally, their markets and use cases are different, which 

may influence accuracy (Supplementary Table 2, Appendix B). Digital biomarkers are digitally 

collected data that are transformed into indicators of health outcomes. Digital biomarkers are 

expected to enable actionable health insights in real time and outside of the clinic. Both 

consumer- and research-grade wearables are frequently being used in research, with the most 

common brands being Fitbit (PubMed: 476 studies, ClinicalTrials.gov: 449 studies) for 

consumer-grade wearables and Empatica (PubMed: 22 studies, ClinicalTrials.gov: 22 studies) for 

research-grade wearables (Supplementary Table 3, Appendix B).  

It is therefore of critical importance to evaluate the accuracy of the wearable technologies 

that are being used in clinical research, digital biomarker development, and personal health. The 

lack of clarity surrounding the verification and validation procedures and the unknown reliability 

of the data generated by these wearable technologies poses significant challenges for their 

adoption in research and healthcare applications126,133,134.  

Recently, the accuracy of wearable optical heart rate (HR) measurements using 

photoplethysmography (PPG) has been questioned extensively150–156. Wearables manufacturers 

sometimes report some expected sources of error, but the reporting and evaluation methods are 

inconsistent157–165 (Table 4). Of particular interest, previous research demonstrated that inaccurate 
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PPG HR measurements occur up to 15% more frequently in dark skin as compared to light skin, 

likely because darker skin contains more melanin which absorbs more green light than lighter 

skin100,103,166–172. Interestingly, some manufacturers of wearable devices recommend using their 

device only in light skin tones and/or at rest160,173.  

Table 4. Reported accuracy, outliers, outliers, evaluation process, and factors that 

affect performance by each device manufacturer. 

Device manufacturers sometimes report some expected sources of error, but the reporting and 

evaluation methods are inconsistent157–165, as shown in this table. 

Company Reported Accuracy/ Outliers Reported Evaluation Process Reported Factors 

that Affect 

Performance 

APPLE For a small percentage of users, 

various factors may make it 

impossible to get any heart rate 

reading at all13 

- Skin perfusion, 

tattoos, rhythmic 

movements14 

FITBIT - 5000+ hours of activity, 

exercise, and sleep” to iterate 

through their heart rate 

technology and that they have 

over 50 prototype iterations 

since 201015 

- 

GARMIN Skin tone may affect heart rate 

accuracy but “Garmin designs our 

watches to work on all skin 

tones…the sensor may have to work 

harder [when more melanin is 

present in the skin] to find the pulse 

which can require slightly more 

battery power”16 

- Wearing a watch 

too tightly, 

participating in 

activities that cause 

flexing of the wrist, 

tattoos16,17 

XIAOMI - - - 

EMPATICA - Provides information about 

algorithms used to calculate HR 

but not evaluation18 

- 

BIOVOTION HR is within ± 5 Bpm under motion. 

[Mean absolute difference (MAD) = 

3 Bpm & Mean absolute relative 

difference (MARD) = 3% under 

motion.]20 

The proprietary algorithms of 

the Everion are constantly tested 

and evaluated in our 

Algorithmics Lab. Biovotion is 

dedicated to delivering high 

quality and accuracy data to 

empower consumers to take 

control of their health. At 

Biovotion everybody is testing 

the devices under all kinds of 

conditions and we are working 

hard to improve the algorithms19 

Skin perfusion, 

tattoos, motion21 
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Another suspected measurement error in wrist-worn devices is motion artifact, which is 

typically caused by displacement of the PPG sensor over the skin, changes in skin deformation, 

blood flow dynamics, and ambient temperature95,105. Motion artifacts may manifest as missing or 

false beats which result in incorrect HR calculations97,98,109. Several studies have demonstrated 

that HR measurements from wearable devices are often less accurate during physical activity or 

cyclic wrist motions97,151,154,174,175. Several research groups and manufacturers have identified that 

cyclical motion can affect accuracy of HR in wearable sensors152,153,158. The cyclical motion 

challenge has been described as a “signal crossover” effect wherein the optical HR sensors on 

wearables tend to lock on to the periodic signal stemming from the repetitive motion (e.g. 

walking, jogging) and mistake that motion as the cardiovascular cycle176.  

To date, no studies have systematically validated wearables under various movement 

conditions across the complete range of skin tones, and particularly on skin tones at the darkest 

end of the spectrum. Here, we present a comprehensive analysis of wearables HR measurement 

accuracy during various activities in a group of 53 individuals equally representing all skin tones. 

To our knowledge, this is the first reported characterization of wearable sensors across the 

complete range of skin tones. Validation of wearable devices during activity and across all skin 

tones is critical to enabling their equitable use in clinical and research applications.  
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Figure 4. Chapter 2 Graphical Abstract 

 

2.3 Materials and Methods 

2.3.1 Study Population 

56 participants (34 females, 22 males, 18-54 years of age, mean=25.6, racial breakdown: 

8 African American, 21 Asian, 8 Hispanic, 19 Caucasian-White) were recruited for this study. 

Data from 3 participants was excluded from the study due to incomplete ECG records. The 

subjects all consented to the study and were compensated for their participation. The study was 

approved by the Institutional Review Board at Duke University and informed consent was 

obtained from all participants. We enrolled an approximately equal distribution of skin tones 

(F1:7, F2:8, F3:10, F4: 9. F5: 9, F6:10) on the Fitzpatrick skin tone scale, the standard skin tone 

scale with 6 categories of pigmentation177,178 (1-6, 1 being the lightest and 6 being the darkest). 

Participants were excluded if they had skin conditions or sensitivities that would be exacerbated 



 

42 

by wearing a wearable device/sensor and/or electrode pads or if they were taking 

medications/substances that affect HR (including, but not limited to: Adderall, Performance 

Enhancing Drugs, Human Growth Hormones, and illegal substances). The demographics from 

this study are shown in Supplementary Table 4 (Appendix B). 

2.3.2 Sample Size 

Based on our power analysis, we required >=48 participants to achieve 80% power to 

reject the null hypothesis that there is no difference in PPG accuracy between skin tone groups 

( =0.5). Effect size for the power analysis was based on a pilot study examining differences in 

light absorption across skin tones168 and was determined to be 0.3. Difference in green light mean 

absorption for different skin tones during activity was used to calculate effect size since optical 

HR measurements primarily measure green light absorption167,168. Based on the ANOVA power 

calculation, we required 8 participants per skin tone category (6 skin tone categories on 

Fitzpatrick scale). We also performed a multiple regression power calculation (f2 = 0.15, 

power=0.8, =0.5) and determined the number of participants required was a total of 46 for the 

mixed effects model.  

2.3.3 Devices and Data Collection Protocol 

We tested four consumer wearable devices used frequently in research studies, as shown 

in Figure 4, including the Apple Watch 4 (Apple Inc., Cupertino, CA), Fitbit Charge 2 (Fitbit, 

Inc., San Francisco, CA), Garmin Vivosmart 3 (Garmin Ltd., Olathe, Kansas), Xiaomi Miband 3 

(Xiaomi Corp., Beijing, China) as well as two research grade wearable devices Empatica E4 

(Empatica Inc., Milano, Italy) and Biovotion Everion (Biovotion AG, Zurich, Switzerland). 

Device release date and software version are summarized in Supplementary Table 3 (Appendix 
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B). All devices were sampled using the highest sampling rate possible (this was done by placing 

devices in “activity mode” for the duration of the study, when applicable). All devices use 

photoplethysmography to generate HR readings. The wearable device HR readings were 

compared against HR values calculated from simultaneously measured electrocardiography 

(ECG) (Figure 4). ECG is a clinical-grade gold standard for HR measurement which measures the 

electrical activity of the heart (Bittium Faros 180, Bittium Inc., Oulu, Finland).  

Measured factors included skin tone, gender, body fat percentage, weight, height, waist 

circumference, and sun exposure habits, chosen based on scientific literature and anecdotal 

evidence of their potential effects on wrist-based optical HR sensing accuracy. Subjective 

analysis of skin tone using the Fitzpatrick skin tone scale (1-6) and the von Luschan skin tone 

scale (1-36) were taken in addition to an objective measurement of skin tone on the wrist using a 

spectrophotometer (Linksquare, Stratio Inc., San Jose, CA).  

We followed the Consumer Technology Association wearable device validation 

guidelines to measure PPG at rest (seated in upright position) and with physical activity that 

increases HR to 50% of the maximum HR (treadmill at 2.5-4mph)179.  

Data was collected and downloaded directly from the Bittium Faros 180 and the 

Empatica E4. Wearable devices Garmin, Fitbit, and Biovotion were connected to native apps for 

data access. Apple Watch and Xiaomi Miband required non-native apps to allow for access to HR 

data.  

The study followed three phases of: baseline, deep breathing, activity, washout, and 

typing task. During baseline, participants were asked to remain seated in a comfortable position 

for 4 minutes. This was followed immediately by a deep breathing exercise, where participants 

breathed in sync with a 1-minute deep breathing video180. Participants then participated in a 

walking activity for 5 minutes. Participant HR was monitored during this time to ensure that the 
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participant reached 50% of their maximum HR and did not exceed their maximum HR (220-age). 

A washout period of approximately 2 minutes occurred before participants began the typing task 

to ensure HR had returned to baseline. Participants typed on a mechanical computer keyboard 

(Dell Model: SK-8115) for 1 minute before switching devices to begin the next phase.  

In the first phase, the Empatica E4 was placed on the right wrist and the Apple Watch 4 

on the left wrist. In the second phase, the Fitbit Charge 2 was placed on the left wrist. During the 

third phase, the Garmin Vivosmart 3 was placed on the right wrist and the Xiaomi Miband 3 was 

placed on the left wrist. Participants wore the Biovotion on the upper right arm for all three 

phases but data from only the last phase (Phase 3) was used in this study.  

 

2.3.4 Time Syncing and Signal Alignment 

All wearable devices were connected to Wi-Fi-only enabled mobile device (smart phone 

or laptop). In order to prevent desynchronization via internal clock time drift, at the start of each 

study, each wearable device was connected to a mobile device to synchronize the clock time 

following ISO 8601181–184. Prior to the start of each study, each mobile device was connected to 

the network to synchronize their internal clock time via the Network Time Protocol (NTPv4)183. 

Once connected to the Wi-Fi and synchronized, the NTP client updates the mobile device clock 

approximately every 10 minutes185.  

The Apple Watch, Fitbit, Garmin, and Biovotion were connected to the iPhone SE (iOS), 

the Xiaomi Miband was connected to the Android Samsung Galaxy 4 mobile device, and the 

Bittium Faros and Empatica E4 were connected to ThinkPad Laptop running Windows 10. 

iPhones running iOS5 and above automatically syncs to the NTP, and the settings in both 

Android and Windows 10 were set to ensure automatic NTP syncing upon Wi-Fi connection.  

Because the wearable devices used in this study were not precision instruments, processing lag 
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times between devices that occur during the NTP sync may affect the device clock time by 

milliseconds186.  

2.3.5 Mixed Effects Modeling 

To assess the impact of various factors and account for repeated measurements on 

participants we used a mixed-model approach. We first fit a null model shown:  

 

(1)   

 

Where the observations (Y) is the Difference between ECG HR and Wearable HR for 

each participant (i) at each timepoint (j). accounts for the random noise. The random effect 

parameter  accounts for participant-specific differences.  

Next, we fit univariable models accounting for skin tone (s), condition (c) (rest, walking, 

deep breathing, typing), and device (d), respectively: 

 

(2)  

(3)   

(4)  

 

We also examined an interaction model to examine whether there is an interaction 

between skin tone and device factors as shown in equation (5): 
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(5)   

 

We assessed the added value of the factor via a likelihood ratio test, comparing the larger 

model to the null model. A significant p-value indicates that the larger model provides a better fit. 

This is akin to repeated measures ANOVA. We used a p-value < 0.0125, based on a Bonferroni 

correction to indicate significance (taking three factors- skin tone, device, and activity condition 

into account).  

2.3.6 Differences Algorithm 

Raw ECG was processed using the clinical standard, Kubios HRV Premium (version 3.3) 

to extract RR intervals and HR. Differences between the ECG and each wearable sensor were 

calculated at each matched timestamp for each wearable sensor for each participant. Both relative 

and absolute differences were calculated as shown in equations (6)-(7). 

 

(6)   

 

(7)   

2.3.7 Calculations of Error 

We have defined error as the difference between HR from the ECG and the wearable 

sensor. Thus, higher error indicates a larger difference between the wearable sensor and the “true” 

value from the ECG. Error was compared across skin tones using an unpaired, two-sided t-test 

with Welch approximation and Bonferroni multiple hypothesis correction of 0.00028 
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(considering 6 choose 2 skin tone comparisons-15 skin tone comparisons*6 devices *2 

conditions-rest and activity). 

 

(8)  

 

(9)  

 

2.3.9 Calculations of Missingness 

Missingness is calculated from the expected sampling rate (study average sampling rate). 

The calculation used to determine Missingness (%) is shown in equation (10). Statistical 

differences between missingness for activity and baseline were calculated using paired, two-sided 

t-tests with a Bonferroni multiple hypothesis correction (taking into account 4 devices, p-value = 

0.0125). Statistical differences between missingness for skin tones were calculated using 

unpaired, two-sided t-tests between a skin tone and all other skin tones for each device with a 

Bonferroni multiple hypothesis corrected p-value of 0.001 (taking into account 4 devices, 6 skin 

tones, and 2 conditions). 

(10)  

2.3.10 Calculations and Analysis of Heart Rate Variability 

Because HRV requires access to raw, sample-level data that is not currently provided by 

most wearables, out of the 6 devices tested, we were limited to using only the Empatica E4 for the 

HRV accuracy analysis. HRV time domain metrics from the Empatica device have been validated 
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against ECG in previous studies187–189. Frequency domain metrics of HRV have not been 

sufficiently validated on wearable optical HR sensors, thus are excluded from this analysis.  

HRV was only calculated during baseline due to motion artifacts affecting the signal. 

Raw ECG was processed using the clinical standard, Kubios HRV Premium (version 3.3) to 

extract RR intervals. PPG data from the Empatica E4 device is supplied as both raw PPG (green 

LED light only) and an inter beat interval (IBI) sequence. The IBI sequence provided by 

Empatica is obtained from their wristband-integrated processing algorithm that removes incorrect 

peaks due to noise in the raw PPG signal, which they compute from the red and green LEDs on 

the device. Red LED PPG signal is not saved or provided and is only used in the calculation of 

the provided IBI sequence.  

We matched raw PPG and IBI sequences and removed data that the Empatica wristband- 

integrated processing algorithm removed onboard. Our updated PPG signal could then be used to 

extract IBI sequences for HRV calculations. A Kolmogorev-Zurbenko low pass linear filter 

(Kolmogorev) and outlier removal was used to mitigate any additional motion artifact not 

removed by the Empatica processing algorithm. Following the process described by Empatica for 

determining their IBI sequence, local minima were detected using a rolling minimum detector and 

the IBI values were calculated as the difference between these local minima values. Outlier 

capping at 1.5*IQR was performed for each down-sampled signal.  

All calculations for time domain Heart Rate Variability were performed with user-

defined functions in Python (3.5.2) that were validated using Kubios HRV Premium (version 

3.3). Error was calculated between the ECG HRV and the PPG HRV for each participant. Paired, 

two-sided t-tests were performed with a significance threshold of Bonferroni corrected p-value of 

0.0033 (considering 6 choose 2 skin tone comparisons-15 skin tone comparisons for each HRV 

metric).  
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2.3.11 Lag Time Analysis using a Rolling Window Approach 

In order to examine the effect of lag time on our model, we iterated through rolling 

windows of 5,10,20,30,40,50,60,90,120,150,180,210,240 seconds for each participant, each 

device, and each condition (rest or activity). We found the optimal window length of MAE and 

MDE by determining the window length that minimized the MAE and MDE, respectively. We 

then repeated the mixed effects model, adding window length as an effect.  

2.3.12 Activity Level Disparity Statistical Testing 

Mean relative error from ECG for both baseline and activity were recorded for each 

participant. Mean relative errors across participants were used for a paired, two-sided t-test with 

Welch approximation and Bonferroni multiple comparison correction with an initial significance 

threshold of p<0.05 and a Bonferroni corrected p<0.0042 (considering 6 devices and 2 

conditions-rest and activity).  

2.4 Results 

2.4.1 Study Summary 

A group of 53 individuals successfully completed the entire study protocol (32 females, 

21 males; ages 18-54; equal distribution across the Fitzpatrick skin tone scale). This protocol was 

designed to assess error and reliability in a total of 6 wearable devices (4 consumer-grade and 2 

research-grade models) over the course of approximately one hour (Figure 4). Each round of the 

study protocol included: 1) seated rest to measure baseline (4 min), 2) paced deep breathing41 (1 

min), 3) physical activity (walking to increase heart rate up to 50% of the recommended 

maximum42; 5 min), 4) seated rest (washout from physical activity) (~2 min), and 5) a typing 

task (1 min). This protocol was performed three times per study participant in order to test all 

devices. In each round, the participant wore multiple devices according to the following: Round 
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1: Empatica E4 + Apple Watch 4; Round 2: Fitbit Charge 2; Round 3: Garmin Vivosmart 3, 

Xiaomi Miband, and Biovotion Everion. The electrocardiogram (ECG) patch (Bittium Faros 180) 

was worn during all three rounds. The ECG was used as the reference standard for this study. 

Potential relationships between error in heart rate (HR) measurements and 1) skin tone, 2) 

activity condition, 3) wearable device, and 4) wearable device category were examined using 

mixed effects statistical models. We developed comprehensive, individual, and interaction mixed 

effects models for the independent variables using mean HR measurement error as the dependent 

variable (Table 5). We found that wearable device, wearable device category, and activity 

condition all significantly correlated with HR measurement error, but changes in skin tone did not 

impact measurement error or wearable device accuracy.  

Table 5. Results of mixed effects comprehensive and marginal models. 

P-values show results of the Likelihood Ratio Tests between models and null models and 

interaction models 

Mixed Effects Model Mean Error 
p-value (***<0.001) 

Comprehensive Model    <2.20e-16*** 

Marginal Model: Skin Tone    0.634 

Marginal Model: Activity Condition    <2.20e-16*** 

Marginal Model: Device    <2.20e-16*** 

Marginal Model: Type of Device    3.44e-05*** 

Interaction Model: Skin Tone and Device    2.80e-05*** 

2.4.1 Wearable Accuracy across Skin Tones 

Anecdotal evidence and incidental study findings supported the hypothesis that PPG 

measurements may be less accurate on darker skin tones than on lighter skin tones100,103,166–172. To 
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systematically explore this hypothesis, we examined the Mean Directional Error (MDE) and the 

Mean Absolute Error (MAE) of HR measurements within each Fitzpatrick (FP) skin tone group at 

rest and during physical activity.  

Among skin tone groups at rest, FP5 had the largest MDE across all devices and FP1 had 

the lowest MDE (-4.25 bpm and -0.53 bpm, respectively) (Supplementary Figure 1A, Figure 5A, 

Supplementary Table 9A, Appendix B). In absolute error terms, the darkest skin tone (FP6) had 

the highest MAE and the second darkest skin tone (FP5) had the lowest MAE at rest (10.6 bpm 

and 8.6 bpm, respectively) (Figure 5C, E; Supplementary Table 8A, Appendix B). The average 

MDE and MAE across all skin tone groups at rest were -2.99 bpm and 9.5 bpm, respectively. 

Among skin tone groups during activity, FP5 had the highest MDE and FP3 had the lowest MDE 

(9.21 bpm and 7.21 bpm, respectively; Figure 2B, Supplementary Table 9B, Appendix B). FP4 

had the highest MAE and FP3 had the lowest MAE (14.8 bpm and 10.1 bpm, respectively; Figure 

5D, F; Supplementary Table 8B, Appendix B). Skin tone appears to not be the driver of MAE or 

MDE.  

 

Figure 5. Error in heart rate across skin tones and devices at rest and during activity. 
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In the comprehensive and marginal mixed effects models, we found no significant 

correlation between skin tone and HR measurement error (Table 5). While we found no overall 

effect of skin tone, we tested whether the effect of skin tone differed based on individual devices. 

We did find a significant interaction between skin tone and device (Table 5). Upon further 

examination, this was shown to be based on the Biovotion device, which showed a decrease in 

resting HR and increase active HR (Figure 5). During activity, the highest MDE occurs in FP5 

and/or FP6 in all devices except for the Xiaomi Miband 3 (Figure 5B).      

We also explored whether there were differences in data loss for the different skin tone 

groups. Some measurement circumstances may prevent data acquisition altogether, such as when 

a device is not making contact with the skin. In other cases, wearables appear to remove data that 

fails internal quality control, for example, when there is a large motion artifact (indicated by high 

accelerometry sensor values), the device internal quality system may remove the data points 

potentially affected by the artifact.  Both of these scenarios can cause missingness in the data that 

is reported by the wearable. Because the research-grade devices used in this study use 

downsampling or interpolation to provide data at exactly 1Hz, they were inappropriate to include 

in the data missingness analysis. Missingness was calculated as the percent of values that are 

missing based on the expected sampling rate (here, the average sampling rate over the course of 

the study). The missingness analysis showed no significant difference between skin tones 

(Supplementary Table 7, Appendix B).   

In addition to heart rate, we examined Heart rate variability (HRV), a clinically relevant 

diagnostic metric that can be derived from PPG signals and is a widely used metric of autonomic 

nervous system function. The standard HRV metrics we examined included the time-domain 

metrics: mean heart rate variability (HRV), minimum HRV, maximum HRV, RMSSD, SDNN, 
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and pNN50. No differences were seen in accuracy of the HRV metrics between the different skin 

tone groups (two-sided, unpaired t-test between skin tones, Bonferroni-corrected p = 0.0033). 

2.4.3 Wearables Accuracy at Rest and During Physical Activity 

Consumer-grade wearables were found to be more accurate than research grade-

wearables at rest. During rest, the mean absolute error (MAE) (+/- standard deviation (SD)) of 

consumer wearables was an average of 7.2 +/- 5.4 bpm and the MAE of research-grade wearables 

was 13.9 +/- 7.8 bpm (p<0.0125). During physical activity, the MAE +/- SD of consumer 

wearables was 10.2 +/- 7.5 bpm and the MAE of research-grade wearables was 15.9 +/- 8.1 bpm 

(p<0.0125) (Figure 6A; Supplementary Table 5, Appendix B). While these devices, separated by 

either research- or consumer-grade categories, showed significant differences in accuracy based 

on the mixed effects models, it is important to note that the major drivers behind this significance 

were the Apple Watch (consumer-grade device) and Biovotion Everion (research-grade device). 

Among the consumer wearables tested at rest, the Xiaomi Miband 3 had the highest MAE and the 

Apple Watch 4 had the lowest MAE (10.2 bpm vs 4.4 bpm, respectively) (Figure 6A). Among the 

research wearables tested at rest, the Biovotion Everion had the highest MAE and the Empatica 

E4 had the lowest MAE (16.5 bpm and 11.3 bpm, respectively) (Figure 6A). Consistency in 

accuracy for devices was evaluated by comparing the standard deviation of the MAE among 

consumer-grade and research-grade devices at rest. At rest, the standard deviation of the MAE 

was highest for the Fitbit Charge 2 and lowest for Apple Watch 4 (7.3 and 2.7 bpm, respectively). 

In research wearables at rest, the standard deviation of the MAE was highest for the Empatica E4 

and lowest for Biovotion Everion (8.0 and 6.4 bpm, respectively). 
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Figure 6. Error in heart rate across all devices and analysis of missing values across 

consumer devices. 

 

This demonstrates that both the accuracy and the consistency of HR measurements varies 

by device model (Figure 6A, Supplementary Table 5, Appendix B), and that the measurements 

from the research-grade wearables were less accurate than measurements from the consumer-

grade wearables.  

During physical activity among consumer-grade devices, the Xiaomi Miband 3 had the 

highest MAE and the Apple Watch 4 had the lowest MAE (13.8 bpm and 4.6 bpm, respectively). 

The Garmin had the highest standard deviation of MAE and the Apple Watch 4 had the lowest 

standard deviation of MAE among consumer-grade devices (9.2 and 3.0, respectively). Among 

research grade devices during physical activity, the Biovotion had the highest MAE and the 

Empatica E4 had the lowest MAE (19.8 bpm and 12.8 bpm, respectively) and the Empatica E4 

had the highest standard deviation of MAE and the Biovotion Everion had the lowest standard 
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deviation of MAE (8.5 and 5.3, respectively). This further demonstrates that the consistency and 

accuracy also vary by device type during physical activity (Figure 6A, Supplementary Table 5 

Appendix B).  

We also examined missingness for consumer-grade devices during physical activity as 

compared with rest. Again, this analysis was not relevant for research-grade devices based on 

their downsampling/interpolation methods. At rest, missingness was highest for the Fitbit Charge 

2 and lowest for the Apple Watch 4 (18.7% and 2.7%, respectively). During physical activity, 

missingness was highest for the Fitbit Charge 2 and lowest for the Xiaomi Miband 3 (10.4% and -

14.2%, respectively). Here, a negative value for percent missingness occurs because the device 

samples at a higher sampling rate than expected during certain time periods. We found that both 

missingness and overall accuracy were mostly unchanged between rest and activity for the Apple 

Watch. The variability of missingness was highest for the Xiaomi Miband 3 and lowest for the 

Apple Watch 4 during rest (SD of 42.7% and 9.0%, respectively), and was highest for the Xiaomi 

Miband 3 and lowest for the Fitbit Charge 2 during physical activity (SD of 43.5% and 13.7%, 

respectively). As shown in Figure 6C, all devices except for the Apple Watch 4 had lower 

missingness during physical activity, indicating that they likely sample at higher sampling rates 

during activity than at rest (Figure 6C; Supplementary Table 7, Appendix B).   

2.4.4 Wearables Accuracy During Rhythmic Activity 

Periodic, rhythmic movement has been cited as a source of error in optical HR 

measurements in previous studies152,153,158. This has been described as a “signal crossover” effect 

wherein the optical HR sensors on wearables tend to lock on to the periodic signal stemming from 

the repetitive motion (e.g. walking, jogging) and mistake that signal as the cardiovascular 

cycle176. We show that the rhythmic movement of walking has significantly higher errors in all 

devices except the Apple Watch 4 (Figure 6B). We also explored repetitive wrist motion involved 
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in typing (Supplementary Figure 3, Appendix B) and found that MAE was higher during typing 

than as compared with rest in all devices, and often nearly as high as during walking, except for 

the Apple Watch and the Empatica E4 (Supplementary Figure 3A, Appendix B). The MDE was 

higher during typing as compared with rest in the Miband, Empatica, and Biovotion. 

Interestingly, while both typing and walking had poor performance overall, walking tended to 

cause reported HR to be higher than true HR, whereas typing caused the reported HR to be lower 

than the true HR (Supplementary Figure 3B, Appendix B). Surprisingly, the MAE and MDE were 

lower during deep breathing than at rest in all devices except for the Apple Watch, in which the 

deep breathing condition was the condition with the worst performance (Supplementary Figure 3, 

Appendix B). During deep breathing, reported HR was generally lower than true HR 

(Supplementary Figure 3, Appendix B). 

2.4.5 Signal Alignment 

Lags between the ECG- and PPG-derived HR signals ranging between 0 and 43 seconds 

were discovered during our preliminary exploratory data analysis. These lags were inconsistent; 

in some cases, the lag was fixed and in other cases the lag was dynamic. The source of these lags 

could not be pinned down with certainty and may possibly be attributed to: 1) misaligned time 

stamps (highly unlikely due to our time synchronization protocol described in the methods as well 

as the sometimes dynamic time lags observed), 2) data processing artifacts (uneven or delayed 

sampling, compute, and/or data reporting), 3) missed heart beats due to low frequency 

measurements by the wearable, or 4) a delay between the actual heart beat and the change in 

blood volume at wrist.  

In order to remove lag as a factor that could contribute to error calculated in the previous 

sections, we performed signal alignment using two different approaches (cross-correlation and 

smoothing with a rolling window) and re-calculated MAE and MDE on the newly-aligned signals 
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(Supplementary Figure 4-6, Appendix B). Using the updated MAE and MDE at each window size 

from the smoothing, we re-analyzed the relationships in the previous sections and found no 

differences in conclusions from the previous sections. Our model did show that window length is 

related to HR measurement error (Supplementary Table 11, Appendix B). We performed a 

sensitivity analysis to determine how smoothing could affect improvements in accuracy, and we 

found that in most cases, smoothing reduced HR measurement error as demonstrated by the fact 

that the median optimal window size > 0 (Supplementary Figure 5-6, Appendix B). MAE and 

MDE were in general improved the most by smaller window sizes (less smoothing) during 

activity and wider window sizes (more smoothing) at rest, likely because changes in activity 

intensity would not be captured by wider smoothing windows. (Supplementary Figure 6B, 

Appendix B). This did not hold true for the Apple Watch 4 and Empatica E4 for MDE or the 

Biovotion Everion for MAE. 

2.4.6 Potential Relationship Between Wearable Device Cost, Market Size, 

Release Year, and Error 

Wearables vary widely in terms of release year, data accessibility, and cost 

(Supplementary Table 2, Appendix B). We used devices across a wide range of costs, market 

sizes, and release times at the time of this study (Apple Watch 4, Fitbit Charge 2, Garmin 

Vivosmart 3, and Xiaomi Miband 3; cost range= $432 USD, 2018 market size range=35.7 

million). In general, we found that devices with higher cost, a more recent release date, and a 

larger market had higher accuracy. Because of the limited scope of the devices used, we cannot 

tease apart the effects of each of these three factors. While device release year is noted here, all 

devices used in this study had software updates as of the beginning of the study. Thus, while 

hardware differences may exist, software is updated frequently on these devices to help prevent 

obsolescence in the older technologies. 
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2.5 Discussion 

The rise in accessibility of consumer wearable devices that generate health information 

provides an unprecedented opportunity to revolutionize health care by researchers, clinicians, and 

consumers. In this study, we aimed to determine whether there were differences in wearable 

device accuracy across 1) skin tones, 2) activity conditions, and 3) devices, in order to analyze 

potential measurement errors. This is the first time that skin tone has been comprehensively 

explored as a potential factor affecting HR accuracy. Anecdotal evidence and incidental study 

findings previously indicated that wearable HR measurements may be less accurate in darker skin 

tones due to higher absorption of light at the typical wearable green light wavelength. Overall, we 

did not find statistically significant differences in HR or HRV accuracy across skin tones.  

Our analyses reinforces the growing body of research demonstrating that wearable 

devices have higher error during activity than at rest97,151,154,174,175. We further demonstrate that the 

directionality of the HR error is dependent on the activity type. Reliable HR data across all 

activity types and levels is key to enabling digital biomarker development and to supporting 

clinical research studies that involve physiologic monitoring during physical activity or exercise 

interventions. It is also critically important to many health consumers who use devices to ensure 

that they do not exceed their maximum HR during exercise, which is a circumstance that can spur 

adverse cardiac events190.  

Here, we demonstrate an overall over-reporting of HR during low-intensity physical 

activity, which could be a safety mechanism engineered into the consumer devices to account for 

error so that consumers do not exceed their maximum HR during exercise. This is especially 

relevant for clinicians, who should be aware of these biases in HR measurements during exercise 

when making clinical assessments based on HR data from wearable devices. This could affect 
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exercise interventions that are based off HR feedback; accordingly, clinicians may examine 

alternative ways of measuring exercise intensity if measurement specificity is critical.   

While the research-grade wearables are the only wearables that provide users with raw 

data that can be used to visualize PPG waveforms and calculate HRV, the HR measurements 

tended to be less accurate than consumer-grade wearables. This is especially important for 

researchers and clinicians to be aware of when choosing devices for clinical research and clinical 

decision support. It is our hope that this analysis framework can act as a guide for researchers, 

clinicians, and health consumers to evaluate such tradeoffs when exploring potential wearable 

devices for use in a clinical study, digital biomarker development, clinical practice, or in personal 

health monitoring.  

Wearable technologies are expected to transform healthcare through inexpensive and 

convenient health monitoring outside of the clinic133. This provides an opportunity to bring 

equitable healthcare access to traditionally underserved communities which can address 

socioeconomic and racial disparities that exist in the US healthcare system191. Here, we explored 

one important aspect regarding the accuracy of wearables across the full range of skin tones. We 

found no statistically-significant differences in wearable HR measurement accuracy across skin 

tones, however, we did find other sources of measurement inaccuracies, including activity type 

and type of device. Researchers, clinicians, and health consumers must recognize that the 

information derived from different wearables should not be weighted equally for drawing study 

conclusions, combining study results, and making health-related decisions. Algorithms that are 

used to calculate digital biomarkers should consider error and measurement quality under the 

various circumstances that we have shown in this study. Digital biomarker interpretation must 

take this data quality into account when making healthcare decisions.  
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3. Optimizing Sampling Rate of Wrist-worn Optical Sensors 

for Physiologic Monitoring 

This work was published in The Journal of Clinical and Translational Science with 

supervising author J.P. Dunn192. 

3.1 Preface 

Here in Aim 1.2, we developed an optimization framework for informing minimum 

sampling rates from wearable sensors and apply this framework to optical heart rate 

measurements on wearable devices. In the drive for personalized medicine, wearable sensor data 

will need to be stored in an accessible way. This sensor data may be used in the future for 

research purposes and potentially in healthcare practice by applying new digital biomarker 

algorithms to previously collected patient data to enable longitudinal evaluation of patients. 

Sampling rates are directly proportional to data resource requirements and there is a trade-off 

between battery power consumption of wearable sensors and the sampling rate.  

3.2 Introduction 

The practice of personalized medicine, including the combination of clinical, genomics, 

imaging, wearables, and “real world” data, has the potential to revolutionize healthcare. However, 

this rapidly growing digital health trace poses significant challenges in healthcare data 

management137. By 2020, the total amount of digital healthcare data worldwide is projected to 

exceed 2,000 exabytes (equivalent to 2 trillion gigabytes)138. Healthcare data storage requirements 

are quadrupling every 2-3 years and are projected to cost up to $600 Billion per month by 2020 

139,140 The growing need for data storage and compute power are driving a move toward secure 

cloud computing137,141.  Currently, up to 80% of health data collected in clinics is considered 

unusable because it is spread across numerous repositories and cannot be easily linked to the 
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electronic health record (EHR)139. In addition to expanding medical storage capabilities, 

efficiency, usability, and compute power, we must determine how to trim data volumes 

appropriately to retain important information while removing unnecessary or repetitive 

information. 

Sampling rate refers to the rate, or frequency, at which data is collected per second. For 

continuous monitoring of the electrical activity of the heart and heart rate variability using the 

electrocardiogram (ECG), data is typically sampled at 1000Hz which requires approximately 192 

KB/second of data storage193. Because of the extensive storage requirements of continuous data 

and challenges surrounding its interpretability, the current data from continuous monitors like 

ECG are only stored in the EHR as summaries of the raw (signal-level) data. However, it would 

be useful to preserve this raw data for research and clinical applications that include the 

development of algorithms and digital biomarkers for improved patient care and understanding of 

physiology.  

Monitoring of vital signs has traditionally been limited to clinical visits with few 

exceptions. This provides a very small window into a patient’s daily health and wellness. 

Continuous monitoring using wearable sensors provides a more comprehensive view of a patient. 

While wearable sensors generally sample at a much lower rate than ECG to preserve battery life, 

they also provide longitudinal data, which could lead to a data deluge. Determining the minimum 

sampling rates required for wearable sensors to be relevant for clinical and research use will 

enable use of this data within the clinical research ecosystem. Another motivation to decrease 

sampling rate is the trade-off between battery power consumption and sampling rate. Higher 

sampling rates have increased power consumption, which decreases battery life194–197.  

One wearable sensor that is used regularly in both consumer and clinical grade wearables 

is photoplethysmography (PPG), a cost-effective, non-invasive optical technique for measuring 
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blood volume changes which result from the mechanics of pulsatile flow of the cardiovascular 

system. A standard PPG device is composed of a light source (typically a light emitting diode, 

LED) and a photodetector. There are two types of PPG: transmittance and reflectance-based PPG. 

In transmittance-based PPG, tissue is between the LED and the photodetector (e.g. on the finger 

probe or ear clip). Reflectance-based PPG reflects light into tissue and the light reflected is 

collected with a photodiode that is located next to the LED (e.g. wrist or forehead PPG). Heart 

rate and approximate inter-beat-intervals (IBI) can be extracted from the PPG signal using peak 

detection methods. PPG is the technology behind most continuous wrist-based heart rate monitors 

on the market today and this wide use makes PPG an optimal technology for exploring clinically 

relevant diagnostics. Wearable wrist-worn PPG is popular due to its portability, affordability, and 

ease of user experience with a seamless transition from watch to wearable. 

Heart rate variability (HRV) is a clinically relevant marker that can be derived from 

PPG56  and is a widely used metric to evaluate autonomic nervous system function. HRV is the 

fluctuation in the time intervals between adjacent heartbeats and low HRV is linked to numerous 

chronic conditions including diabetes, hypertension, cardiovascular disease, and psychological 

illness 54,198. Traditional metrics of HRV are measured using electrocardiography (ECG), which 

records the electrical activity of the heart. However, ECG is traditionally limited to clinical 

assessment or short-term home monitoring because it is inconvenient and costly. Wearable PPG 

monitoring of HRV is a more convenient and continuous solution as compared to ECG, but it 

generates even larger volumes of data due to its longitudinal nature.  

ECG and finger probe PPG sampling rates have been thoroughly examined to minimize 

data volumes required for HRV diagnostics199,200. While the optimal sampling rate for 

transmittance-based PPG on finger probes has been explored in-silico201, no study has yet 

examined the reflectance-based PPG that is utilized in wrist-wearable sensors against ECG to 
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determine the optimal sampling rate. To our knowledge, no study has examined the minimum 

sampling rate of wrist-wearable PPG for both HR and HRV diagnostics. The purpose of this 

study is to examine the limitations of wrist PPG for determining the minimum sampling 

frequency necessary to obtain clinically relevant HRV metrics when compared to the gold 

standard ECG.  

 

Figure 7. Chapter 3 Graphical Abstract. 

 

3.3 Materials and Methods 

3.3.1 Optimization Framework  

The optimization framework presented here examines a sensor providing health data and 

performs validation testing across sampling rates against the clinical standard in order to inform 

minimum sampling rate to maintain clinical accuracy (Figure 7). We then apply this framework 

to optical HR (PPG) measurements on wearable devices. This data is compared to ECG, the 

clinical standard, across sampling rates.  
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3.3.2 Data Collection  

This study is a retrospective analysis of a previously conducted study136. A total of 56 

participants were recruited for the original study. Data from three participants was excluded from 

the original study due to incomplete ECG records. Of the remaining 53 participants, 16 

participants had either missing (10 participants) or incomplete (6 participants) inter-beat interval 

(IBI) data. Thus, we utilized the remaining 37 participants for this analysis. We only utilized the 

data when the participants were seated at rest. Five minutes, the standard for short-term HRV 

analysis54, was chosen as the time duration that HR and HRV metrics were calculated over for 

this study. 

ECG and PPG were recorded simultaneously for 5 minutes from 37 volunteers (22 

females, 25.4 ± 6.0 years, 169.8 ± 9.1 (cm) height and 64.3 ± 10.8 (kg) weight. All Fitzpatrick 

skin tone categories were represented). Data was collected while participants were at rest in an 

upright seated position. PPG data was recorded at 64Hz (the standard sampling rate of the device) 

from the right wrist using the Empatica E4 wristband. ECG data was recorded at 1000Hz from 3 

leads using a Bittium Faros 180 ECG. 

Raw ECG was processed using the clinical standard, Kubios HRV Premium (version 3.3) 

to extract RR intervals, as shown in Figure 8. PPG data from the Empatica E4 device is supplied 

as both raw PPG (green LED light only) and an inter beat interval (IBI) sequence. The IBI 

sequence provided by Empatica is obtained from their wristband-integrated processing algorithm 

that removes peaks deemed likely to be incorrect due to noise in the raw PPG signal, which they 

compute from the red and green LEDs on the device. Red LED PPG signal is not provided and, to 

our knowledge, is only used in the calculation of the provided IBI sequence. Because we do not 

have access to the raw red LED data from the device, we utilized the IBI sequence provided by 
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Empatica to reverse engineer the signal and remove motion artifacts that were removed by the 

Empatica red LED-based algorithm.  

 

Figure 8. Comparison of ECG (RR intervals) and PPG (IBI).  

Decimation reduces the number of points (shown in blue) by an integer factor. ECG is shown 

sampled at 1000Hz. PPG sampled at a high sampling rate (i.e. 64Hz) and PPG sampled at a low 

SR (i.e. 16Hz) are shown. 

 

Our updated PPG signal could then be down-sampled. In order to examine the sampling 

frequency effect on HRV metrics, we generated the down-sampled PPGs by decimation, which 

divides the sampling rate by an integer factor after lowpass-filtering the signal. First, high-

frequency signal components were reduced using a standard digital lowpass filter (IIR, 

Chebyshev order 8) to reduce distortion from aliasing202. Next, decimation via rate reduction by 

an integer factor was performed. The PPG signal (original 64Hz) was decimated into frequencies 

by factors of 64: 64/1 Hz, 64/2 Hz, 64/3 Hz, 64/4 Hz, 64/5 Hz, 64/6 Hz, 64/7 Hz, 64/8 Hz, 64/9 

Hz, and 64/10 Hz. A Kolmogorev-Zurbenko low pass linear filter203,204 and outlier removal were 
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used to mitigate any additional motion artifact not removed by the Empatica processing 

algorithm. Following the process described by Empatica for determining their IBI sequence, local 

minima were detected using a rolling minimum detector and the IBI values were calculated as the 

difference between these local minima values, as shown in Figure 8. Outlier capping at 1.5*IQR 

was performed for each down-sampled signal. The pre-processing pipeline code is available here: 

github.com/Big-Ideas-Lab/OptimizingWearableSR. 

3.3.3 HRV Metric Calculation and Statistical Analysis  

We examined HR (mean HR, minimum HR, maximum HR) from the ECG and PPG. We 

analyzed HRV from the ECG and PPG using standard HRV metrics in the time domain: HRV 

(mean HRV, median HRV, maximum HRV, and minimum HRV), SDNN (standard deviation of 

the NN interval, which corresponds to all of the cyclic components responsible for variability in 

the period of the recording since variance is equal to the total power of the spectral analysis), 

RMSSD (square root of the mean squared differences of successive NN intervals; reflective of the 

beat-to-beat variance in HR and used to estimate the vagally mediated changes in HRV54), 

pNN50 (the percentage of adjacent NN intervals that differ from each other by greater than 

50ms). Long-term HRV time domain metrics were excluded in this study due to the short time 

frame of recording (5 minutes). All calculations for HRV were performed using code that we 

developed in Python (3.5.2) that were validated using Kubios HRV Premium (version 3.3).  

Metrics of both HR and HRV from ECG and down-sampled PPG were compared. The 

differences between each down-sampled PPG and the ECG were calculated and statistically 

evaluated using a Bland-Altman analysis, where mean bias and 95% limits of agreement were 

calculated. Paired two-sided t-tests were performed between the ECG and each of the down-

sampled PPG metrics (significance threshold is Bonferroni-corrected p-value <0.0005, 100 
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different analyses performed, 10 metrics x 10 sampling rates). All statistical analyses were 

conducted in Python (3.8.3).  

We performed simple linear regressions between each ECG metric and the error 

(difference between ECG metric and PPG metric) for each sampling rate to visualize whether 

errors are driven by higher or lower values in each metric and for each sampling rate.   

3.3.4 Data Volumes with Decreasing Sampling Rates  

Required data storage was computed from the file size of the raw signals of the ECG and 

each of the down-sampled PPG signals. The file size was used as an input to estimate of the 

amount of data storage required for a 24hr period for each of these modalities. Costs of on-

premise, secure medical data storage range from $0.15-$0.30 per GB per month139. We performed 

cost calculations using Equation 1 for a user (p) for 12 months (n=12) with an average days per 

month of 30.42 using our calculated data volumes over 24 hours and the minimum cost 

$0.15/GB/month. 

  (1)   

3.4 Results 

3.4.1 Optimal sampling rate of PPG for heart rate 

The mean and standard deviation of the HR metrics for each of the down-sampled signals 

across the 37 subjects are reported in Table 6. Error in HR metrics increases as sampling rate 

decreases (Table 6, Figure 9A-C). Decreased sampling rate biases measurements toward lower 

HR values (Table 6, Figure 9A-C).  Bland-Altman analysis demonstrates that the limits of 

agreement increase as the sampling rate is decreased (Figure 9A-C, Supplementary Table 12, 

Appendix B). There is a rise in the positive bias and confidence intervals between 21Hz and 
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16Hz, with the greatest error occurring at the lowest sampling rate, 6.4Hz. Paired t-tests between 

each HR metric calculated from the ECG and each sampling rate are shown in Table 6. In our 

sample, there was insufficient information to suggest sampling PPG at 64Hz estimates a 

significantly different Mean HR than ECG using paired t-tests. For Minimum HR and Maximum 

HR, within our sample, there was insufficient information to suggest sampling the PPG signal at 

32Hz and 64Hz is significantly different from the ECG using paired t-tests. Our linear regression 

visualization showed that Mean HR error between ECG and PPG is not affected by lower or 

higher values at 64Hz but is affected at other sampling rates, where error increases with 

increasing Mean HR (Supplementary Figure 7, Appendix B). Minimum HR error is not affected 

by lower or higher values at 32-64Hz but is affected at other sampling rates, where error increases 

with increasing Minimum HR. At all sampling rates, Maximum HR error between PPG and ECG 

increases as Maximum HR increases (Supplementary Figure 7, Appendix B).   
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Table 6. HRV and HR Metrics Across Sampling Rates  

 Statistics of HR and HRV analysis across sampling rates in the time domain (mean ± standard deviation; results of paired 

Sampling 

Rate 

Mean HR 

(bpm) 

Minimum 

HR (bpm) 

Maximum 

HR (bpm)  

Mean 

HRV 

Median HRV Minimum HRV Maximum HRV RMSSD (ms) SDNN 

(ms) 

pNN50 

(%) 

ECG 79.2 ± 11.7 67.0 ± 9.1 96.1 ± 18.7 778.6 ± 

122.0 

779.8 ± 124.0 643.3 ± 102.0 912.8 ± 129.0 43.5 ± 20.4 

 

53.0 ± 16.4 

 

19.5 ± 

14.9 

 

64 Hz 82.7 ± 14.8 69.4 ± 10.5 102.7± 27.3 758.1 ± 

148.0 

759.7 ± 152.3 626.0 ± 168.2 885.2 ± 143.2 

 

138.5 ± 101.4* 61.5 ± 30.7 

 

47.0 ± 

23.2* 

 

32 Hz 75.2 ± 

11.5* 

66.7 ± 11.3 86.6 ± 13.6 822.0 ± 

133.7* 

822.7 ± 134.5 712.5 ± 130.0* 925.5 ± 154.3 

 

147.4 ± 113.3* 

 

49.7 ± 26.0 

 

58.2 ± 

19.2* 

 

21 Hz 68.5 ± 

11.0* 

59.8 ± 

11.0* 

78.7± 11.9* 904.6 ± 

151.6* 

903.6 ± 153.3* 781.1 ± 126.2* 1038.9 ± 197.9 

 

221.6 ± 169.6* 

 

57.6 ± 33.8 

 

56.8 ± 

17.7* 

 

16 Hz 54.2 ± 9.5* 42.± 10.7* 67.6± 10.5* 1162.7 ± 

213.6* 

1157.3 ± 223.8* 909.2 ± 139.8* 1497.7 ± 357.6* 566.1 ± 341.5* 

 

143.5 ± 

87.4* 

 

87.7 ± 

7.0* 

 

12.8 Hz 38.6 ± 8.7* 30.0 ± 8.5* 51.1± 11.0* 1677.8 ± 

392.0* 

1673.4 ± 401.2* 1239.3± 309.5*  2143.9 ± 547.7* 964.5 ± 397.0* 

 

237.7± 

114.1* 

 

92.8 ± 

6.9* 

 

10.7 Hz 28.7 ± 6.9* 23.3 ± 6.9* 36.2 ± 8.2* 2230.0 ± 

465.3* 

2215.3 ± 461.3* 1745.5± 401.9* 2751.2 ± 667.9* 

 

1355.1± 

534.0* 

 

264.7± 

134.0* 

 

94.2 ± 

6.2* 

 

9.1 Hz 23.2 ± 4.8* 19.4 ± 3.7* 28.4 ± 6.4* 2702.5 ± 

472.4* 

2702.5 ± 471.0* 2203.0± 413.5* 3193.6 ± 576.2* 

 

1613.3± 

556.8* 

 

260.9± 

115.8* 

 

96.0 ± 

4.7* 

 

8 Hz 19.7 ± 3.8* 16.7 ± 3.0* 23.7 ± 6.0* 3168.9 ± 

542.4* 

3175.2 ± 535.3* 2661.3± 541.3* 3702.7 ± 669.4* 

 

1913.0± 

672.7* 

 

292.4± 

135.0* 

 

96.1 ± 

3.3* 

 

7.1 Hz 17.3 ± 2.5* 14.9 ± 2.6* 20.8 ± 3.7* 3580.5 ± 

581.6* 

3575.8 ± 562.4* 2986.4± 569.4* 4161.3 ± 770.3* 

 

2159.0± 

757.5* 

 

325.3± 

156.3* 

 

96.8 ± 

3.1* 

 

6.4 Hz 15.1 ± 2.2* 13.1 ± 2.2* 17.6 ± 2.8* 4105.8 ± 

676.0* 

4110.5 ± 746.8* 3498.5± 550.2* 4705.7 ± 907.9* 

 

2504.0± 

772.3* 

 

373.1 ± 

210.1 

 

96.0 ± 

3.8* 
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two-sided t-test with Bonferroni multiple hypothesis correction (* indicated p<0.0005 significant difference between ECG) 
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Figure 9. Bland-Altman analysis results between HR metrics and Time Domain HRV 

metrics according to sampling rate.  

(A) Mean HR, (B) Minimum HR, (C) Maximum HR, (D), Mean HRV, (E) Median HRV, (F) 

Minimum HRV, (G) Maximum HRV, (H) SDNN, (I) RMSSD, (J) pNN50%. Blue dashed lines: 

limits of agreement; Black dashed line: bias; points represent differences between ECG and PPG 

sampling rate. 
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3.4.2 Optimal sampling rate of PPG for Heart Rate Variability 

Evaluating HRV accuracy using PPG revealed that, similar to HR, error in HRV metrics 

increases as PPG sampling rate decreases (Table 6, Figure 9D-J). The mean and standard 

deviations of the Heart rate variability metrics (HRV: mean, median, minimum, maximum, 

SDNN, RMSSD, pNN50%) for each of the down-sampled signals across the 37 subjects are 

reported in Table 6. Decreased sampling rate biases measurements toward higher HRV values. 

The greatest differences between the PPG-derived metrics and the ECG-derived metrics were 

found in RMSSD and pNN50% (Figure 9I,J). Bland-Altman analysis demonstrates that the limits 

of agreement increase as the sampling rate is decreased (Figure 9D-J, Supplementary Table 12, 

Appendix B). Again, there is a rise in the negative bias and confidence intervals between 21Hz 

and 16Hz, with the greatest error occurring at the lowest sampling rate, 6.4Hz. Paired t-tests 

between each HRV metric calculated from the ECG and each sampling rate are shown in Table 5. 

In our sample, there was insufficient information to suggest sampling PPG at 64Hz estimates a 

significant difference in Mean HRV and Minimum HRV than ECG using paired t-tests. For 

Median HRV, the paired t-tests showed that in our sample, there was insufficient evidence to 

suggest a significant difference between the ECG and the PPG signal sampled at 32Hz and 64Hz. 

For Maximum HRV and SDNN, the paired t-tests showed that in our sample, there was 

insufficient evidence to suggest a significant difference between the ECG and the PPG signal 

sampled at 21Hz, 32Hz, and 64Hz. Because SDNN achieved accuracy across 21-64Hz according 

to the paired t-tests and the Bland Altman analysis, we examined its Bland Altman analysis in 

more detail in the spectrum 21-64Hz (Supplementary Figure 8, Appendix B). In our sample, there 

was evidence to suggest a significant difference for RMSSD or pNN50 at every sampling rate 

tested in the study, indicating that these metrics require a sampling rate >64Hz to achieve optimal 
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accuracy from a wrist-worn device. The linear regression visualization showed that Mean HRV 

error between ECG and PPG is minimally affected by higher Mean HRV at 64Hz and at all other 

sampling rates error increases with decreasing Mean HRV (Supplementary Figure 9, Appendix 

B). Median HRV follows the same trend as Mean HRV. Minimum HRV error is only minimally 

affected by lower or higher values at 21-64Hz but is affected at other sampling rates, where error 

increases with decreasing Minimum HRV (Supplementary Figure 9, Appendix B). Maximum 

HRV error is only minimally affected by lower or higher values at 32-64Hz but is affected at 

other sampling rates, where error increases with decreasing Maximum HRV (Supplementary 

Figure 3). At all sampling rates, SDNN, RMSSD, and pNN50 error between PPG and ECG 

increases as SDNN, RMSSD, and pNN50 decrease, respectively (Supplementary Figure 9, 

Appendix B).     

3.4.3 Reducing Sampling Rates Translates to Decreased Resource 

Requirements 

 

Figure 10. Data Storage and Costs of ECG compared to PPG at various sampling rates.  

(A) Required data storage for 24hrs. (B) Cost in USD for 1 user for 1 year at the given SR. 

 



 

74 

 

Data storage requirements for ECG are 99.0X greater than PPG sampled at 64Hz. PPG 

sampled at 32Hz reduces the data storage requirement by an additional 50% (Figure 10A). Costs 

of on-premise, secure medical data storage range from $0.15-$0.30 per GB per month139. 

Continuous ECG data storage cost is $242.07 per user/year (Figure 10B). PPG sampled at 64Hz 

costs $6.95/user/year. Reducing the sampling rate to 32Hz translates to reduction in cost and 

storage of 50% (to $3.48/user/year). 

3.5 Discussion 

There are currently 60.5 million people in the US using 117 million wearable devices. 

These numbers are expected to double in the next 3 years6. This significant rise in the 

accessibility of wearable devices and recent improvements in mobile health technologies provide 

an unprecedented opportunity to revolutionize chronic disease detection and intervention through 

the development of digital biomarkers, which are markers of disease extracted from digitally 

collected data126. With wearables posed to transform personalized medicine, it is critical to 

evaluate the limitations of wearable device sensors that will be used to make healthcare 

decisions7,205,206. 

3.5.1 Framework for assessing optimal sampling rate 

Continuous monitoring presents significant and unforeseen challenges to the healthcare 

industry. Enormous amounts of healthcare data are being generated daily. In the drive for 

personalized medicine, wearable sensor data will need to be stored in an accessible way. This 

sensor data may be used in the future for research purposes and potentially in healthcare practice 

by applying new digital biomarker algorithms to previously collected patient data to enable 

longitudinal evaluation of patients. As we have shown, sampling rates are directly proportional to 
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data resource requirements. The ability to reduce a sampling rate by half would reduce data 

storage requirements and associated costs by nearly 50%. Additionally, higher sampling rates 

have increased power consumption, which decreases battery life. Thus, another motivation to 

decrease sampling rate is the trade-off between battery power consumption and sampling rate.  

In this study, we used optical heart rate monitors to demonstrate the connection between 

sampling rate and resource utilization (e.g. data storage space and cost, device battery life). We 

developed methodology for determining the optimal sampling rate for clinical and research 

relevance that minimizes the sampling rate requirements. This is extensible to other wearable 

sensors including accelerometry, blood pressure, SpO2, glucose monitors, and other traditional 

clinical metrics that can now be measured outside of the clinic using wearable sensors.  

3.5.2 Optimal Sampling Rate for HR and HRV metrics for wrist-worn 

wearable devices 

When considering use of optical heart rate measurements on the wrist, it is important to 

acknowledge that biases exist, including consistently lower HR metrics and higher HRV metrics 

from the PPG as compared with the ECG.  Health-related insights drawn from PPG data should 

take these biases into account. Our results, using a combination of Bland Altman analysis, paired 

t-tests, and linear regression visualizations, demonstrate that we can reduce the sampling rate by 

half (from 64Hz to 32Hz) or more (from 64Hz to 21Hz) in half of the HR and HRV metrics 

studied here (Table 6, Figure 9). For applications that require high precision of mean HR and/or 

mean HRV, 64Hz may be the optimal sampling frequency. For applications requiring high 

accuracy in all other metrics, a 32Hz PPG sampling rate would maintain sufficient accuracy while 

reducing the storage requirements for this data by half. For applications that require less 

precision, sampling rates of 21Hz may be appropriate, further reducing the data storage 
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requirements. This study shows that, in our sample, there was insufficient information to suggest 

that there were significant differences between ECG and PPG sampled at 64Hz for all HR metrics 

and all HRV time domain metrics with the exception of pNN50% and RMSSD, which would 

require a sampling rate >64Hz to achieve optimal accuracy from a wrist-worn device. Thus, if an 

application requires the use of pNN50% or RMSSD, as is the case in certain psychiatric fields207, 

a higher sampling rate or a more robust motion artifact removal algorithm will be necessary to 

achieve accuracy of the pNN50% or RMSSD value at sampling rates less than or equal to 64Hz 

on a wrist-worn device. pNN50% and RMSSD have been shown to achieve accuracy in finger 

probe PPG at higher sampling rates208 and further study would be necessary to determine optimal 

sampling rates for pNN50% and RMSSD on wrist-worn PPG. Researchers determining the 

minimum sampling rate for their particular application should examine the biases and loss of 

information presented in our analyses. There is not a “one-size-fits-all” model that will work for 

every application, thus it is important to examine each of the analyses presented in the context of 

the acceptable loss of information and bias for each particular application.  

The linear regressions to visualize error between ECG and PPG at the range of metrics 

and sampling rates provides further support for the minimum sampling rate ranging from 21-

64Hz, depending on the metric. These visualizations further show that wrist-worn PPG sensor HR 

metrics are biased lower than the reference standard ECG metrics and that HRV metrics are 

biased higher than the reference standard ECG metrics, so higher values of HR metrics have 

higher error and lower values of HRV metrics have higher error. 

Reducing data volumes by half (from 64Hz to 32Hz) or more (from 64Hz to 21Hz) 

would significantly reduce the data storage and management necessary for clinically relevant 

PPG sensor data (Figure 10). This would allow data from these sensors to be stored, accessed, 
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and utilized within the clinical framework, which would provide a more comprehensive picture of 

a patient’s health and wellness. It would enable the diagnosis of autonomic dysfunction and 

certain cardiometabolic diseases from longitudinal HR and HRV metrics. Through daily 

monitoring via wearable sensors, personalized medicine will be integrated into the healthcare 

framework through digital biomarkers, providing significant benefits to both patients and 

providers.  

3.5.3 Limitations and Future Directions 

This study is limited in that it only includes heart rate and time domain heart rate 

variability metrics. Frequency domain metrics were excluded from this study because there is no 

previous literature to support wearable PPG monitors being able to accurately determine 

frequency domain metrics at the highest sampling rate recorded of 64Hz.  The study size is 

limited to 37 participants and the short time period of data obtained (5 minutes) is a limitation of 

this study. Another study limitation is the narrow age range of subjects. Future studies with more 

participants or a longer duration of measurement would be useful for validation of these findings. 

Future studies with age ranges including older participants and children would further support the 

conclusions made in this study. Future studies that include analysis while a subject is in motion 

and participating in daily activities of living will be necessary to determine the optimal sampling 

rates to calculate the HR and HRV metrics in real world conditions, including during various 

types and intensities of physical activity. Future studies of wrist-worn PPG sensors with original 

sampling rates >64Hz may enable the analysis of the HRV metric pNN50, which appears to 

require sampling rate >64Hz or a different measurement modality to achieve sufficient clinical 

accuracy.  
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3.6 Conclusions 

Including data from wearable sensors in clinical frameworks would provide a more 

comprehensive and longitudinal picture of a patient’s health and wellness. Continuous monitoring 

of relevant health parameters via wearable sensors can provide significant benefits to both 

patients and providers by tracking health longitudinally and monitoring responses to interventions 

in real time. We have used optical heart rate sensors as a case study for the connection between 

data volumes and resource requirements to develop methodology for determining the optimal 

sampling rate for clinical relevance that minimizes resource utilization. This is extensible to other 

wearable monitors including blood pressure, SpO2, glucose monitors, and more. 

In this study, we sought to discover the optimal sampling rate for PPG data to provide 

clinically relevant heart rate metrics while minimizing the storage and data management 

requirements. This is a necessary step to facilitate rapid digitization and scalability of this 

wearable sensor data. We determined that the optimal sampling rate for a wrist-worn wearable 

device optical heart rate sensor for all HR and HRV metrics is 64Hz (for all HRV metrics except 

pNN50 and RMSSD, which require sampling rate >64Hz). For many applications that require 

accuracy across all metrics except mean HR, mean HRV, and minimum HRV, the PPG sampling 

rate can be cut in half to 32Hz, while achieving sufficient accuracy relative to the ECG. Further 

reduction of the sampling rate to 21Hz may be acceptable in specific applications. We conclude 

that wrist-worn PPG sensor HR metrics are biased lower than the reference standard ECG metrics 

and that HRV metrics are biased higher than the reference standard ECG metrics. This should be 

considered when making physiological assessments based on PPG metrics of HR and HRV. 

Further studies that include analysis while a subject is in motion and participating in daily 

activities of living are necessary to further validate this research methodology.  
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4. Biosignal Compression Toolbox for Digital Biomarker 

Discovery 

This work was published in Sensors with co-authors B. Lu, J. Kim, and J.P. Dunn209. 

4.1 Preface 

Here in Aim 1.2, we examined a critical challenge to using longitudinal wearable sensor 

data for healthcare applications: the healthcare ‘data deluge’ and resulting data storage and 

organization challenges and costs. There has been limited research on appropriate, effective, and 

efficient data compression methods for wearable sensor data. Here, we examine the application of 

five data compression methods, including direct data compression with Huffman encoding, 

singular value decomposition with Huffman encoding, biorthogonal discrete wavelet transform, 

and discrete cosine transform with Huffman encoding and run-length encoding, to common 

wearable sensor data, including electrocardiogram, photoplethysmography, accelerometry, 

electrodermal activity, and skin temperature measurements. Each of these algorithms was 

documented in the Digital Biomarker Discovery Pipeline (Chapter 5) as the ‘Biosignal Data 

Compression Toolbox’, an open-source, accessible software platform for compressing wearable 

sensor biosignal data, testing compression methods on wearable sensors, and establishing best 

practices for data compression of wearables data. 

4.2 Introduction 

Wearable sensors have the potential to transform health management and healthcare 

delivery. However, the digital footprint of this biosignal data is growing at an unprecedented rate; 

the number of connected wearable devices worldwide is expected to reach 1.1 billion by 2022210. 

Immense data storage capacity is necessary to retain information collected from wearable sensors 
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that continuously monitor multiple biosignals. This ‘data deluge’, combined with the high costs 

of data storage and challenges associated with efficient data organization138–140, reveals a critical 

need to determine how to reduce biosignal data volumes appropriately to retain important 

information while removing unnecessary or repetitive information192. 

Digital biomarkers are digitally collected data (e.g. a heart rate biosignal from a wrist-

worn wearable) that are transformed into indicators of health outcomes (e.g. risk of 

cardiovascular disease). Digital biomarkers have applications in a number of disease states, 

including movement-related disorders129, breast cancer130, and Alzheimer’s disease131. They are 

currently being used to diagnose and monitor a number of chronic diseases and conditions211 and 

the field of digital biomarkers is rapidly expanding132. In order to develop robust digital 

biomarkers, high resolution biosignal data is often necessary. Thus, data volumes must be 

reduced in such a way that information necessary for digital biomarker development is retained. 

Hence, the importance of robust data compression methods that have been tested on biosignal 

data is critical for developing digital biomarkers while minimizing data footprints. There have 

been multiple methods explored to consolidate biosignals from wearables. Data aggregation in 

the form of daily summaries rather than high resolution data is widely used by commercial 

wearable manufacturers but these aggregated metrics are often insufficient for the development of 

digital biomarkers for healthcare applications. The use of downsampling for biomedical signal 

compression has been used for decades and has recently been examined for digital biomarker 

development 192,212. Recent studies have provided minimum sampling rates necessary for digital 

biomarker development in several types of wearable sensors192,199, highlighting the limits of 

downsampling and the need for data compression.  
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Data compression refers to the methods used to store or send data in a smaller number of 

bytes than the original representation213. There is a tradeoff between compression of a signal 

(compression ratio) and minimizing information loss214. Data compression has been explored for 

biomedical signals previously, but the evaluation of these methods has been limited to one type of 

sensor, including either electrocardiogram (ECG)214–217, photoplethysmography (PPG)218–220, 

accelerometry221,222, and electrodermal activity (EDA)223. Data compression methods can be 

divided into two groups: lossless compression and lossy compression. Here, we focus on lossless 

compression methods which are anticipated to be most useful for digital biomarker development 

due to them allowing the data to be fully reconstructed224,225. 

There are two primary characteristics of signals that affect performance of data 

compression methods: redundancy in the signal and stationarity of the signal226. While biosignals 

are inherently non-stationary, the duration and extent of non-stationarity varies for different 

biosignal types. This helps to determine which compression method is optimal for each biosignal 

type. Redundancy of measurement values also varies widely as a result of differences in 

variations of biosignals over time. For example, there is low redundancy in accelerometry signals 

due to continual movements, while skin temperature signals remain consistent for longer stretches 

of time and there is therefore has high redundancy. In addition to differences in redundancy, 

many biosignals are periodic, including ECG, PPG, and accelerometry. Compression methods 

utilizing wavelet-based transforms have demonstrated high performance on periodic signals225. A 

comprehensive analysis of frequently used data compression methods applied to biosignals from 

common wearable sensors would uncover how data compressibility and recoverability are 

affected by the characteristics of biosignals. This research could point to new directions for 

innovation in wearable sensor data compression methodology. 
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Transform domain data compression can generally be divided into two steps: 

transformation and encoding. Based on a literature review for data compression methods that 

have reported high performance and preservation of information in data with similar 

characteristics to wearable sensor biosignal data, including high redundancies, non-stationarity, 

and periodic behavior, we have implemented three separate transformation methods in this study. 

These methods include: Singular Value Decomposition (SVD), Biorthogonal Discrete Wavelet 

Transformation (BD-WT), and Discrete Cosine Transformation-based Discrete Orthogonal 

Stockwell Transformation (DCT-DOST) in addition to a direct, encoding-only method, which we 

refer to as Direct Data Compression (DDC). SVD is used to factorize the signal into three smaller 

sets of values227, which preserves features for digital biomarker development. BD-WT is widely 

used in ECG data compression 214,216,223,228. DCT-DOST is a more recent method that has shown 

to be very robust for ECG signal compression225. For data encoding, we implemented two 

separate methods: Huffman encoding (HE) and Run-length encoding (RLE). HE is a lossless 

encoding method which has been reported as an efficient coding method for wearable sensors229. 

RLE exploits the repetition of data observation values by representing the data as run and 

length225, and can be applied alone or subsequent to the DCT-based DOST transformation 

method. 
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Figure 11. Chapter 4 Graphical Abstract 

The primary objective of this study is to evaluate applying commonly used data 

compression methods including data compression algorithms (singular value decomposition, 

discrete cosine transform, and biorthogonal discrete wavelet transform) and encodings (run-

length encoding and Huffman encoding) to common wearable sensor data, including ECG, PPG, 

accelerometry, EDA, and skin temperature (Figure 11). We have developed, documented, and 

released open source code and data for each of these methods in the Digital Biomarker Discovery 

Pipeline132 as the ‘Biosignal Data Compression Toolbox’, an open-source, accessible software 

platform for compressing wearable sensor biosignal data.   
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4.3 Materials and Methods 

Data 

The data used to evaluate the compression methods included ECG data from the Bittium 

Faros 180 sampled at 1000Hz (Bittium Inc., Oulu, Finland) (original size=330MB) and PPG 

sampled at 64Hz (original size=34.4MB), accelerometry sampled at 32Hz (original size=38MB), 

EDA sampled at 4Hz (original size=4.4MB), and skin temperature sampled at 4Hz (original 

size=2.2MB) from the Empatica E4 (Empatica Inc., Milano, Italy)136. This equates to ~40 hours 

of monitoring from the ECG and ~24 hours of monitoring from each of the other sensors. The de-

identified test data used for evaluation can be found in the Biosignal Data Compression Toolbox, 

in the Digital Biomarker Discovery Pipeline.  

Pre-processing 

We filtered the ECG signal through a band-pass filter (second-order Butterworth filter; 

low cut-off frequency=0.5Hz, high cut-off frequency=50Hz), resampled the signal to 200Hz, and 

normalized the signal to the range [0,1] following the standard procedure227. For the remaining 

wearable sensor data (PPG, accelerometry, EDA, and skin temperature), we only band-pass 

filtered the signal (second-order Butterworth filter; low cut-off frequency=0.5Hz, high cut-off 

frequency=50Hz). 

Data Compression Evaluation Criteria 

We evaluated the data compression pipelines using the compression evaluation metrics 

compression ratio (CR)224 and percentage root-mean-square difference (PRD)230,231. CR is the 

ratio of uncompressed data size over compressed data size. Information loss is quantified through 

the percentage root mean square difference, and we therefore focus on minimizing the percentage 

root mean square difference between the original and reconstructed signal. 
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Equation 1     

 

Let x[n] and x̂[n] be the original (pre-processed) and the reconstructed signals, respectively, 

and N its length.  is the sample mean of the N data samples of the original signals. 

 

Equation 2    

 

Data Compression Methods 

We implemented five data compression pipelines in this study, including: Direct Data 

Compression (DDC) with Huffman Encoding (HE), Singular Value Decomposition (SVD) with 

HE, Biorthogonal Discrete Wavelet Transformation (BD-WT) with HE, and Discrete Cosine 

Transformation-based Discrete Orthogonal Stockwell Transformation (DCT-DOST) with HE and 

with RLE, respectively. We describe each data compression pipeline briefly below. 

A) Direct Data Compression with Huffman Encoding 

DDC with HE 228 encodes the pre-processed signal directly without any transformation. 

HE was performed directly on the data232. 

B) Singular Value Decomposition with Huffman Encoding 

To perform singular value decomposition (SVD), the sequence length was truncated to 

the closest square to generate an m×m matrix from the pre-processed data, which was then 

decomposed into U, Σ, and V matrices following the typical SVD procedure 227. To compress the 

data, the rank of the matrix Σ is tuned by shrinking eigenvalues to zero until the PRD reaches 2% 
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to produce Σ', and then the original m×m matrix is reconstructed from U, Σ', and V. After SVD, 

HE was applied.  

C) Biorthogonal Discrete Wavelet Transform with Huffman encoding 

BD-WT was implemented using a 5-level wavelet decomposition on the pre-processed 

data with biorthogonal (bior4.4) as the wavelet base214. The energy of all of the coefficients was 

calculated, the threshold was computed for each coefficient matrix, and only the coefficients that 

were above the thresholds were kept. After filtering the data by energy, the data was quantized in 

steps, beginning at 8 bits and reducing by 1 bit for each iteration, in order to discover the optimal 

PRD. All coefficient arrays and binary maps separated by decomposition level were concatenated 

and then HE was applied. 

D) DCT based DOST with Huffman encoding 

Discrete Cosine Transform (DCT) based Discrete Orthogonal Stockwell Transform 

(DOST)225 was implemented by first resampling the processed data into 2^N+1 and then dividing 

the data into different groups: 1, 1, 2, 4, 8, …, 2^(N-1). Within each group, inverse DCT was 

performed separately. The results from all groups were then stacked together into a whole array. 

After DCT-DOST, HE was applied.  

E) DCT based DOST with Run-length encoding 

DCT based DOST was performed as described above225. On the approximated data, RLE 

was applied225. RLE is an effective lossless encoding method which encodes data by aligning the 

value and it’s count sequentially (e.g. “aaaaaaabbbbccc” is encoded as “a7b4c3”).  

4.4 Results 

We combined commonly used algorithmic data compression pipelines including direct 

data compression (DDC), singular value decomposition (SVD), discrete cosine transform (DCT-



 

87 

 

DOST), and biorthogonal discrete wavelet transform (BD-WT), with commonly used encoding 

data compression methods including run-length encoding (RLE) and Huffman encoding (HE) 

into five distinct data compression pipelines. We evaluated the compression ratio (CR) and 

percentage root-mean-square difference (PRD) of each pipeline applied to common wearable 

sensor biosignal data, including electrocardiogram (ECG), photoplethysmography (PPG), 

accelerometry (ACC), electrodermal activity (EDA), and skin temperature (TEMP) (Figure 11). 

We have developed and documented open source code for each compression pipeline tested here 

and contributed this and data for testing the methods to the Digital Biomarker Discovery Pipeline 

as the ‘Biosignal Data Compression Toolbox’, an open-source, accessible software platform for 

compressing biosignal data.  

Table 7. Compression Ratio (CR) and Percent Root-mean-square Difference 

(PRD%) of each method currently in the data compression toolbox*. 

  
 
ECG 

 
PPG 

 
ACC 

 
EDA 

 
TEMP 

 

 
CR PRD% CR PRD% CR PRD% CR PRD% CR PRD% 

DDC 

+ HE 

50.16 0.17% 11.30 0.06% 10.40 0.04% 9.76 0.14% 13.99 0.09% 

SVD 

+HE 

50.16 0.38% 9.22 0.49% 8.63 0.02% 9.75 0.14% 11.32 7.08% 

BD-

WT + 

HE 

131.70 1.37% 16.65 1.35% 18.59 0.94% 15.47 0.54% 78.90 0.10% 

DCT-

DOST 

+ HE 

46.32 4.18% 23.03 9.37% 23.75 8.49% 19.64 7.88% 48.82 10.69% 

DCT-

DOST 

+ 

RLE 

9.81 4.18% 3.30 9.37% 3.34 8.49% 3.19 7.88% 8.88 10.69% 

*For each of the wearable sensors: electrocardiogram (ECG), photoplethysmography (PPG), 

accelerometry (ACC), electrodermal activity (EDA), and skin temperature (TEMP). 
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We explored the tradeoff between the PRD and CR across the five data compression 

pipelines applied to five different data types with the goal of minimizing the PRD while 

maximizing the CR (Figure 12).  The CR ranged from 3.19 to 131.70 across the data compression 

pipelines. The PRD ranged from 0.02% to 10.67% across the data compression pipelines (Table 

7). We demonstrate the tradeoff between compression of a signal (CR) and minimizing 

information loss (PRD) for each of the data compression pipelines and for each of the biosignals 

(Figure 13). Consistent with the literature, we find that higher compression ratios result in a 

higher PRD. However, we demonstrate that this tradeoff is not equal for all biosignals and all 

compression methods (Figure 13).   

We demonstrated that different biosignals have varying performance with different 

compression methods, which may be dependent on signal characteristics, including redundancy 

and periodic behavior of the biosignals, which can be visualized in Figure 14. For example, 

because skin temperature is a relatively consistent signal with many redundancies (Figure 14), the 

tradeoff between CR and PRD was tempered; skin temperature maintained lower information loss 

while reducing data volumes as compared with the other biosignals. Furthermore, signals that 

were more similar to one another in terms of redundancies and periodic behavior (i.e. ECG and 

PPG) resulted in similar optimal data compression pipelines (both in terms of PRD and CR) 

(Figure 14). 

Minimizing information loss for digital biomarker development 

For ECG and PPG, the compression pipeline that minimized the PRD was DDC (no transform) 

with HE (ECG PRD=0.17%; PPG PRD=0.06%). For EDA and ACC, the data compression 

pipeline with the lowest PRD was SVD with HE (EDA PRD=0.14%; ACC PRD=0.02%). For the 

skin temperature sensor (TEMP), both DDC (no transform) with HE and BD-WT with HE 
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minimized the information loss (PRD=0.09% and 0.10%, respectively). We present visualizations 

of the compression pipelines that minimize information loss the most effectively for each 

biosignal in Figure 4 with the original signal, the reconstructed signal, and the difference between 

the original and reconstructed signals. This illustrates signal characteristics of each biosignal and 

the resulting differences between original and reconstructed signals, which are also represented in 

the PRD. 

 

Figure 12. Comparison of (a) PRD and (b) CR for each method across the wearable sensors 

ECG, PPG, accelerometry (ACC), electrodermal activity (EDA), and skin temperature 

(TEMP). 
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Maximizing data compression 

While minimizing information loss is the most critical component of data compression 

for digital biomarker development, we also examined the data compression pipelines that 

maximized the compression ratio, which is most relevant when there are limitations to data 

volumes, for example in Bluetooth-based data transfer. The data compression pipeline 

implemented in this study with the highest compression ratio for PPG, EDA, and ACC was DCT 

DOST with HE (PPG CR=23.03; EDA CR=19.64; ACC CR= 23.75). For ECG and TEMP, the 

data compression pipeline with the highest compression ratio was BD WT with HE (ECG 

CR=131.70; TEMP CR=78.90). 
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Figure 13. Compression Ratio vs. PRD for each data compression pipeline evaluated  

(a) DDC + HE, (b) SVD + HE, (c) DCT-DOST + HE, (d) DCT-DOST + RLE, (e-g) BD-WT + 

HE. The BD-WT + HE pipeline plot is broken down by sensor type due to the large scale 

differences of the TEMP (g) and ECG (f) compression ratios. 
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Open Source Biosignal Data Compression Toolbox 

The Biosignal Data Compression Toolbox is available open source in the Digital 

Biomarker Discovery Pipeline (DBDP). The DBDP is an open source software resource132 

published in GitHub with Apache 2.0 licensing. Contribution to the Biosignal Data Compression 

Toolbox is encouraged following the Contributor Covenant (v2.0)233 code of conduct. 

Contribution is encouraged following DBDP guidelines. As part of the Toolbox, we provide the 

test datasets used in this analysis: ECG (148.5 million measurements), PPG (5.3 million 

measurements), accelerometry (2.6 million measurements), electrodermal activity (330,000 

measurements), and skin temperature (330,000 measurements).     

 

Figure 14. Comparison of original, reconstructed, and difference between original and 

reconstructed signals for ECG (a-c), PPG (d-f), ACC (g-i), EDA (j-l), and TEMP (m-o).  

These plots were constructed for the method that minimized the PRD: DDC with HE for ECG, 

PPG, ACC; SVD with HE for EDA; BD-WT with HE for TEMP. 
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4.5 Discussion 

In this study, we demonstrated the feasibility, utility, and benefit of applying data 

compression tools to biosignals. We tested five common data compression pipelines on five 

different types of wearable sensor biosignal data: ECG, PPG, accelerometry, electrodermal 

activity, and skin temperature. Overall, we found that the most effective data compression 

pipeline varied by biosignal, and we report the optimal pipeline for compressing data from each 

wearable sensor type. This furthers our knowledge of how data compressibility and recoverability 

are affected by the characteristics of biosignals and points to new directions for innovation in 

wearable sensor data compression methodology. Finally, we have open-sourced our algorithms 

and data in the Biosignal Data Compression Toolbox as part of the Digital Biomarker Discovery 

Pipeline.  

In order to develop robust digital biomarkers, high resolution biosignal data is often 

necessary. However, the large volumes of longitudinal, high resolution data required for digital 

biomarker discovery accrue large storage costs. Healthcare data storage requirements are 

quadrupling every 2–3 years and are projected to cost up to $600 billion/month in 2020139,192. It is 

therefore critical to reduce biosignal data volumes. However, biosignal data must be preserved for 

digital biomarker discovery because digital biomarkers often require high precision.  Thus, not 

only is it critical to reduce biosignal data volumes, but it is also necessary to ensure that 

information required for digital biomarker development is retained. The importance of robust data 

compression methods that have been tested on biosignal data is critical for developing digital 

biomarkers while minimizing data footprints. 

Here, we evaluate the performance of each data compression pipeline using two metrics: 

the compression ratio (CR) and the percentage root-mean-square difference (PRD). The former 
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tells us to what extent data volumes are reduced, while the latter tells us to what extent the 

information encoded in the original data is preserved.  For digital biomarker development, we 

recommend evaluating this tradeoff for each biosignal and each application. For example, some 

digital biomarkers may require data with minimized information loss to be computed, such as the 

sensitive heart rate variability frequency domain metrics. In this case, minimizing the PRD is 

more of a priority than maximizing the CR because minimizing information loss is critical. 

Computing other digital biomarkers, such as skin temperature variability, may not require data 

that has minimized information loss. For these applications, maximizing the CR may be more 

important than minimizing the PRD. We have demonstrated that the tradeoff between CR and 

PRD varies based on biosignal and data compression method; thus, it is important to evaluate this 

tradeoff when evaluating data compression pipelines for each biosignal and each digital 

biomarker application.  

Biomedical signal compression methods to reduce storage space with no loss of clinically 

significant information have focused on the elimination of redundant data in the signal226. The 

data compression methods utilized in this analysis were chosen based on their previously 

demonstrated ability to compress signals with similar characteristics to wearable sensor signals, 

including signals with varying redundancies, periodic behavior, and non-stationarity.  Here we 

have shown that different biosignals have varying performance with different compression 

methods, which may be dependent on signal characteristics, including redundancy and periodic 

behavior of the biosignals. For example, because skin temperature is a relatively consistent signal 

with many redundancies (Figure 14), the tradeoff between CR and PRD was tempered; skin 

temperature maintained lower information loss while reducing data volumes as compared with 

the other biosignals. Furthermore, signals that were more similar to one another in terms of 
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redundancies and periodic behavior (i.e. ECG and PPG) resulted in similar optimal data 

compression pipelines (both in terms of PRD and CR) (Figure 14). 

The tradeoff between CR and PRD should be carefully considered when compressing 

signals prior to digital biomarker development. Interestingly, while transformations prior to 

encoding increase the CR, they often also decrease the PRD. Therefore, if minimizing 

information loss is the priority, we suggest that researchers working with the data types analyzed 

here forego transformation and instead apply a direct to encoding method, for example DDC with 

HE.  

In this study, our secondary goal was to open-source algorithms and release data to 

advance biosignal compression methods development. The central repository containing biosignal 

compression methods that we have developed meets a critical need for community evaluation and 

development of data compression methods for wearable sensors as this data grows exponentially 

over time. In 2020, the total amount of digital healthcare data worldwide is projected to exceed 

2000 exabytes (equivalent to 2 trillion GB)138; thus, data compression is a critical, timely need. 

We have shown with the Digital Biomarker Discovery Pipeline that open-sourcing tools, 

algorithms, and resources opens the door to innovation and helps establish best practices132. Open 

source biosignal compression algorithms will improve validation practices, reduce duplication of 

research effort, and will accelerate innovation. 

This study is limited in that we only utilized five biosignals (electrocardiogram, 

photoplethysmography, electrodermal activity, accelerometry, and skin temperature). Future 

studies should explore additional biosignals, including electroencephalograph and 

electromyogram. This study is limited in that we review only five combinations of data 

compression algorithms and encoders. However, by open-sourcing the Biosignal Data 
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Compression Toolbox, we expect to cultivate a community where researchers will test and 

contribute novel data compression methods on the data that we have released, further expanding 

the reach of the current study. Recent research in using deep convolutional autoencoders for 

biosignal data compression234,235 has shown great promise and should be included in the Biosignal 

Data Compression Toolbox in future work. Future work will involve developing and testing 

methods for quantifying signal characteristics to determine optimal data compression pipelines 

for other biosignals. Additionally, future work will include exploring wavelets for wavelet 

transform methods and optimizing these for various periodic biosignals. Future directions also 

include combining data compression methods with encryption methods in the Biosignal Data 

Compression Toolbox. Wearables data may be considered personal health information (PHI) and 

there are growing concerns over the level of deidentification that is possible for wearables data236; 

thus, combining encryption and data compression would help to mitigate privacy concerns.  

This analysis and open-sourcing of biosignal data and compression methods serves as a 

launch point for the field of digital health to come together to contribute methods for wearable 

sensor data compression in the Biosignal Data Compression Toolbox.  
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5. The Digital Biomarker Discovery Pipeline: An open source 

software platform for the development of digital biomarkers 

using mHealth and wearables data 

This work was published in The Journal of Clinical and Translational Science with co-

authors K.W. Wang, E. Grzesiak, C. Jiang, Y. Qi, Y. Jiang, P. Cho, K. Zingler, F.I. Ogbeide, A. 

Zhao, R. Runge, I. Sim, and J.P. Dunn132. 

5.1 Preface 

Here in Aim 1.3, in order to address the need for an open source resource to standardize 

computational biomarker development tools, we developed the Digital Biomarker Discovery 

Pipeline (DBDP). Digital health is rapidly expanding due to surging healthcare costs, 

deteriorating health outcomes, and the growing prevalence and accessibility of mHealth and 

wearable technology. Data from Biometric Monitoring Technologies (BioMeTs), including 

mobile Health and wearables, can be transformed into digital biomarkers that act as indicators of 

health outcomes and can be used to diagnose and monitor a number of chronic diseases and 

conditions. There are many challenges facing digital biomarker development, including a lack of 

regulatory oversight, limited funding opportunities, general mistrust of sharing personal data, and 

a shortage of open source data and code. Further, the process of transforming data into digital 

biomarkers is computationally expensive, and standards and validation methods in digital 

biomarker research are lacking. In order to provide a collaborative, standardized space for digital 

biomarker research and validation, we present the first comprehensive, open source software 

platform for end-to-end digital biomarker development: The Digital Biomarker Discovery 

Pipeline (DBDP). 
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5.2 Introduction 

The digital health landscape has seen rapidly expanding growth due to the number of 

chronically ill patients and health system utilization in the US at an all-time high125. Mobile 

devices and wearables, otherwise known as Biometric Monitoring Technologies (BioMeTs), have 

facilitated continuous monitoring beyond clinic visits and have enabled significant developments 

in personalized medicine and mobile health7,126. Digital biomarkers are digitally collected data 

from BioMeTs (e.g. glucose levels from a continuous glucose monitor) that are transformed into 

indicators of health outcomes (e.g. diabetic state). They can be used to provide biomedical 

insights or improve health decision-making (e.g. encourage healthy lifestyle changes). Research 

in digital biomarker development spans fields and disease states, from movement-related 

disorders129 to breast cancer130 to Alzheimer’s disease131, and can conceivably be applied to any 

area of health, wellness, and medicine. In the past decade, the number of digital biomarker studies 

indexed in PubMed has increased 325% (Supplementary Figure 10, Appendix B). Because only 

13% of all research articles published are open access, and even fewer provide their code and/or 

data, there is a critical need to build an open source community for digital biomarker 

development237. Current digital biomarker development processes are siloed, resulting in 

numerous studies with digital biomarkers that are not validated properly134 or are duplicates of 

already existing digital biomarkers. Open source digital biomarker development is necessary to 

broaden validation of digital biomarkers, reduce duplication, and expedite innovation. 

Mobile and wearable devices continue to gain popularity. Currently, 81% of Americans 

and 45% of the global population have a smartphone91,92. Given the ubiquity of smartphones, 

mobile health (mHealth) is expected to reach a market size of $236B by 202693. There are over 

300,000 mHealth apps available on the major platforms and over 60% of people with 
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smartphones have downloaded at least one mHealth app94. The popularity of wearable devices is 

also at an all-time high: by 2021, it is expected that 121 million Americans will use wearable 

devices6. The accessibility of mobile and wearable technology affords an unprecedented 

opportunity to provide mobile health care globally, and particularly to populations with limited 

healthcare accessibility, including low-income and rural populations that stand to benefit most 

from mobile health. Mobile health monitoring and interventions are promising because they can 

improve health monitoring of patients who are unable to make frequent visits to a health care 

facility.  

The combined market growth in healthcare and mobile and wearable technologies has 

prompted BioMeT manufacturers to develop algorithms to process raw sensor data and aggregate 

this data into various health-related metrics. For example, while most wearable BioMeT 

manufacturers do not provide sample-level sensor accelerometry data, they instead provide 

aggregate metrics like “activity intensity/duration” or “step count”. For example, Apple recently 

developed a FDA-cleared algorithm for binary (yes/no) detection of atrial fibrillation using the 

Apple Watch wrist-based electrocardiogram (ECG)135. These aggregate metrics may themselves 

act as digital biomarkers, or the metrics may be used and combined by researchers and clinicians 

to develop composite digital biomarkers. One major challenge facing the research and medical 

communities is that the manufacturer-developed algorithms are nearly always proprietary and 

information about the verification and validation process of BioMeTs and digital biomarkers is 

not released to the public134. For robust and reproducible digital biomarkers, openness and 

transparency surrounding the evaluation of these digital tools is critical134,136,238–240. 

mHealth and wearables data present unique bioinformatic challenges. Providing open 

source tools that can be validated by the digital biomarker community would not only make 
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discovering digital biomarkers more accessible but would also instill confidence in their 

translation into clinical and research settings. Open resources that bridge the stages of digital 

biomarker development will also enable those with different skill sets (i.e., computational 

expertise or clinical domain knowledge) to collaborate toward new digital biomarker discovery.  

Further, tools that allow for collaboration in improving algorithms, validating known digital 

biomarkers, and discovering new digital biomarkers will enable much needed standardization and 

interoperability in this space.  

In the past two decades the field of high-throughput biomolecular analysis set a focus on 

developing data standards and open platforms for sharing code and data and validating 

bioinformatic pipelines, which accelerated the pace of research in the genomics community142,143 

and cultivated research in this area142,144–146. Similarly, we aim to develop a standardized, open 

source data and software platform for the field of digital biomarkers that will facilitate rapid 

research progress and collaboration.  

To address the need for an open resource of computational digital biomarker 

development tools, here we present the Digital Biomarker Discovery Pipeline (DBDP), an open 

source software to transform mHealth data into digital biomarkers for disease detection, 

monitoring, and prevention. From the input of sensor data to the development of statistical 

modeling, machine learning, and deep learning algorithms, the DBDP provides tools for each step 

of the digital biomarker discovery process (Figure 15). The DBDP abides by the FAIR guiding 

principles to make data and code Findable, Accessible, Interoperable and Reusable241. The DBDP 

has already been used to support 10 studies, with several more currently underway136,242–245. 

Currently, the DBDP supports the development of new digital biomarkers through a general 

pipeline with extensible modules, consisting of preprocessing and exploratory data analysis tools 
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to make the development of new digital biomarkers standardized and replicable. Currently DBDP 

modules calculate and utilize resting heart rate, glycemic variability, insulin sensitivity status, 

exercise response, inflammation, heart rate variability, activity, sleep, and circadian patterns to 

predict health outcomes and we plan to integrate new digital biomarker modules relating to 

BioMeT data harmonization, pre-processing, exploratory data analysis, predictive model 

building, and cardiometabolic disease research into the DBDP. The DBDP is a resource for the 

digital biomarker community that provides open source modules in order to widen the scope of 

digital biomarker validation with standard frameworks, reduce duplication by comparing existing 

digital biomarkers, and stimulate innovation through community outreach and education.   

 

Figure 15. The Digital Biomarker Discovery Process. 
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5.3 Materials and Methods 

5.3.1 Software Specifications 

The DBDP is an open source software resource published in GitHub with Apache 2.0 

licensing. We have developed a Wiki page with a User Guide explaining how to use the DBDP. 

We also provide complete instructions to contributing to the DBDP. We have adopted the 

Contributor Covenant (v2.0)233 code of conduct. Code packages and digital biomarker modules 

are developed using a variety of programming languages that are integrated through 

containerization. The software is required to have specific documentation in order to be adopted 

into the DBDP.  

5.3.2 DBDP Landscape 

DBDP modules have been developed to enable the discovery of new digital biomarkers 

and the comparison of existing digital biomarkers. Additionally, the DBDP has been configured 

in a modular framework in order for code to be extensible to a variety of digital biomarker 

development studies and applications. Current DBDP modules calculate and utilize resting heart 

rate, glycemic variability, insulin sensitivity status, exercise response, inflammation, heart rate 

variability, activity, sleep, and circadian patterns to predict health outcomes (Figure 16) using 

statistics, data analytics, and machine learning algorithms such as regressions, random forests, 

and long-short-term-memory models. The DBDP currently supports continuous glucose monitors, 

ECG, and wearable watches Empatica E4, Garmin vivofit and vivosmart, Apple Watch, 

Biovotion, Xiaomi Miband, and Fitbit. The exploratory data analysis, resting heart rate, heart rate 

variability, and glucose variability modules are currently device agnostic and other modules are 

currently being configured to be device agnostic.  
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While there are many challenges to using ground truth measurements and they are not 

always available, particularly for new types of measurements, when they are available they are 

necessary to verify and validate the digital biomarkers in the DBDP134. 

 

Figure 16. Current DBDP Landscape. 

 

5.3.3 Using the DBDP 

The DBDP is intended to be used by researchers, clinicians, and anyone with an interest 

in exploring digital biomarkers. The DBDP is available as a general pipeline for wearables data 

pre-processing and conducting exploratory data analysis, with generic settings and 

recommendations for best practices. Individual modules can be tailored and combined to meet 

specific digital biomarker discovery applications and use cases.  Additionally, users can submit a 

request for DBDP developers to build new biomarkers, features, or device pre-processing 

modules as detailed in the DBDP User Guide. The DBDP Development Team will work closely 
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with users who have new devices to integrate into the DBDP pre-processing module. Detailed 

specifications for each algorithm and module are available in the DBDP to facilitate their use and 

adoption. The Digital Biomarker Development Resources Guide in the DBDP includes resources 

on choosing a wearable sensor, data handling, validation of data, and digital medicine in general.  

5.3.4 Contributing to the DBDP 

In order to contribute to the DBDP, there are requirements for formatting and 

documentation that are available in our Contributing Guidelines. DBDP modules and algorithms 

are not automatically accepted and are subject to a rigorous review by the DBDP development 

team to ensure that the algorithm functions as documented. When contributing to the DBDP, an 

‘Issue’ is created. DBDP development team members will be assigned to the issue and will 

review it. In this way, the original developer will be openly reviewed and will be required to 

make any changes to their software before being accepted into the DBDP.     

5.4 Results 

The DBDP provides generic and adaptable modules for pre-processing data and 

conducting exploratory data analysis. The goal of the general pipeline is to allow for new digital 

biomarker development through a modular framework with tools for pre-processing and 

exploratory data analysis that are extensible to a variety of digital biomarkers. Additionally, the 

DBDP contains multiple modules for specific digital biomarkers and research use cases (Figure 

16). These specific modules can be adapted to new digital biomarker research or can be used to 

compare new digital biomarkers to the pre-existing digital biomarkers. This enables researchers 

to compare their own digital biomarkers with pre-existing digital biomarkers, reducing 

duplication and stimulating innovation. We plan to further validate these modules and provide the 
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module and a reference dataset as a resource to the community for digital biomarker 

benchmarking. Below, we will explore the general pipeline and three specific digital biomarkers 

included in the DBDP. We have chosen these specific modules because they showcase the 

diversity of the DBDP modules and provide end-to-end solutions that have been utilized in a 

number of projects. Additionally, they highlight the performance of the pipeline with different 

devices and use cases. 

5.4.1 General Digital Biomarker Discovery Pipeline 

The goal of the general digital biomarker discovery pipeline is to provide a set of 

extensible tools for the development of new digital biomarkers. This general framework provides 

a standard framework for pre-processing and exploring data for digital biomarker development. 

 

Figure 17. Missing data visualization available in the DBDP Exploratory Data Analysis 

module.  

(Figure by co-author E. Grzesiak). 

This figure shows the percent of wearable data present per day and per hour for six study 

participants during a 10-day influenza exposure study. 



 

106 

 

Our pre-processing module is developed to be device-agnostic. We have processing and 

signal alignment modules for numerous wearable sensors. When comparing multimodal signals, 

signals that have different resolution, or sampling frequencies can be difficult to align. Our 

EventDTW method allows for this signal alignment in our pre-processing module246. 

Exploratory Data Analysis (EDA) is an important step in the pipeline of digital biomarker 

development. EDA can uncover structure and trends in large mHealth data sets, including 

outliers, missingness242, and relationships between variables, and can be helpful to visualize the 

data (e.g. Figure 17242). EDA is not a strictly defined process, and therefore resources are often 

sporadic. Our goal with the EDA module is to pool the common mHealth EDA methods that we 

and others use into one cohesive architecture, and to iterate over them to optimize and standardize 

mHealth EDA. Our primary goal with the EDA module is to standardize the process of EDA to 

enable structured mHealth data exploration.  

5.4.2 DBDP Module 1: Resting Heart Rate 

 

Figure 18. Resting Heart Rate module available in the DBDP.  

Clinical validation of our Resting Heart Rate algorithm against clinical data. (Figure by co-author 

C. Jiang) 
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Resting heart rate (RHR) characterizes several health conditions, such as type 2 diabetes 

and cardiovascular diseases. The DBDP provides a personalized, accessible and transparent 

method for estimating RHR from photoplethysmography-based wearable devices (e.g., Fitbit) 

data. To date, there has not been a comprehensive evaluation of how to best characterize RHR, 

which varies differently over time and between individuals with different activity and rest habits. 

Current methods for obtaining RHR require hands-on clinical measurements or utilize proprietary 

methods based on wearable device data. We have developed this module in order to increase the 

accessibility and transparency of RHR as a digital biomarker and to move toward a standardized 

and consistent RHR calculation method. This novel estimation model247 1) considers an 

individual's heart rate data, 2) finds the subset of low exercise/step intensity heart rate data 

corresponding to a minimal rolling sum of steps (n) within a window size of m minutes, 3) 

searches for optimal values of parameters n and m by minimizing a standard deviation penalty 

function which quantifies the difference in variation between the distributions, and 4) outputs the 

RHR estimate as the median of the optimal low exercise/step intensity subset of personal heart 

rate data. This method has been validated against RHR clinical data through the STRONG-D 

study using Fitbits for type II diabetic adults (Figure 18)248. This method is currently also being 

validated on infectious disease data collected using  the Empatica E4 wearable wristband249. The 

Resting Heart Rate module is our first step towards developing a community standard RHR 

calculation method for digital biomarker development. It showcases the RHR metric, which is 

commonly used but is calculated in a variety of different ways. Within the DBDP, RHR 
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definitions can be iterated over by the community, bringing together diverse needs to develop a 

robust and well-accepted method for RHR calculation in digital biomarkers.  

 

5.4.3 DBDP Module 2: Sleep and Circadian Rhythms 

Accurate sleep detection is necessary to determine circadian rhythm and to discover 

relationships between circadian rhythm and sleep and wake characteristics. Many current sleep 

detection algorithms available to consumers depend on either manual entry of sleep times or 

assumed sleep clock schedules. Such algorithms would fail to detect abnormal sleep times, 

especially for shift workers. The sleep detection algorithm in this DBDP module is developed to 

address this and expand on the applicability of currently available algorithms. This algorithm 1) 

identifies likely sleep and wake periods, 2) trains several different models to predict sleep and 

wake periods based on heart rate and activity measurements, and 3) chooses a method, i.e., 

logistic regression, support vector machine, etc., to assign sleep/wake labels to periods.243 This 

algorithm has been validated in wearable data from shift workers against participant-recorded 

sleep schedules and wearable-reported sleep times (Figure 19). This module was developed 

because the commercial sleep detection algorithm does not accurately detect when the participant 

recorded that they were sleeping but the DBDP algorithm, based on heart rate and activity 

measurements, does accurately detect sleep. The Sleep and Circadian Rhythms module 

showcases an end-to-end solution that improves upon currently existing sleep detection 

algorithms250,251. We have included this module to show an end-to-end solution that is evolving as 

researchers contribute their findings.  



 

109 

 

 

Figure 19. Sleep detection and disruption module available in the DBDP.  

Validation of sleep detection algorithm. Blue dots denote heart rate values at a point in time. 

Orange shaded area is the reported sleep period by the proprietary commercial algorithm from the 

device manufacturer and red rectangles indicate periods of sleep detected using this module 

(Figure by co-author K. Wang). 

 

5.4.4 DBDP Module 3: cgmquantify for Continuous Glucose Monitoring Data 

Glucose and glycemic variability are indicative of hyperglycemia, hypoglycemia, and 

risk for developing prediabetes and Type 2 Diabetes (T2D). They are also indicators of glycemic 

control, which is an important metric when evaluating the health of both Type 1 Diabetes and 

T2D patients. To our knowledge, there are currently no existing open source software modules in 

Python that calculate these metrics from interstitial continuous glucose monitors (CGM). The 

cgmquantify package we have developed includes 25+ summary metrics of glucose and glycemic 

variability245. The cgmquantify package also provides a comprehensive set of visualizations and 

statistical analyses to examine CGM data over time (individual) and provides resources for 

longitudinal studies with CGM (Figure 20). As more researchers and clinicians begin utilizing 
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CGM data to answer questions relating to prediabetes, T1D, and T2D, the need for a validated, 

standardized resource is necessary. As we have seen with the Open APS community, analysis of 

CGM data is not limited to researchers and clinicians but includes patients themselves252. By 

providing the DBDP cgmquantify module as an open source resource, we hope to encourage 

patients to interact with their own data, determine personalized insights, and make meaningful 

contributions to the digital health landscape.  Cgmquantify is a comprehensive function-based 

software tool that demonstrates how a deployed module from the DBDP may be used and 

recycled across a variety of research aims. Cgmquantify is a published Python package that has 

been developed as an MD2K Cerebral Cortex algorithm245.  

 

Figure 20. cgmquantify Python package available in the DBDP.  

Example of a LOWESS-smoothed visualization created using the cgmquantify package. 

 

5.4.5 DBDP for Education 

The DBDP is currently being utilized for education on digital health and to spread 

community awareness on the digital biomarker discovery process. As a part of the Duke 

University Biomedical Engineering and Biostatistics & Bioinformatics undergraduate and 

graduate curriculums, the DBDP is being employed for students to learn and expand upon 
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existing mobile health data science projects. The DBDP is also being utilized in the Rhodes 

Information Initiative Data+ Summer Research program for undergraduate students in a project 

on human activity recognition (Summer 2020). One of the primary goals of this project is for 

students to develop their own modules within the DBDP. In upcoming conferences we will be 

presenting DBDP workshops and tutorials. Based on our experiences using the DBDP for 

education, we have put together a Wiki with tutorials on how to adapt the DBDP in a variety of 

educational settings, including classrooms, workshops, case studies, and student projects. The 

DBDP is being utilized widely for multi-disciplinary education and we encourage its use for 

educational purposes in addition to research and development. 

5.5 Discussion 

The growth in BioMeTs, including mobile Health and wearables, has driven a surge in 

digital biomarker research. However, the lack of standardization and open source computational 

tools has limited collaborative research and has resulted in numerous digital biomarkers in use 

that have not been validated134,136. Proprietary algorithms from wearable manufacturers do not 

provide information on their verification and validation processes, making it difficult to confirm 

validity of aggregate metrics and digital biomarkers134,253. Additionally, this limits the 

accessibility of digital biomarker discovery research to only researchers with strong 

computational skills which may prevent experts with relevant domain knowledge from entering 

the field. Creating the DBDP, an open source software platform for collaborative efforts in the 

digital biomarker space, with detailed documentation and user training, supports exploration and 

validation of digital biomarkers and enables multidisciplinary collaboration.  
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Much like in the field of genomics two decades ago, the mobile health technology 

renaissance has produced rapid expansion in digital health data. In order to balance this growth 

with an appropriate level of evaluation, we must develop standards and open source resources to 

encourage the continued expansion of digital biomarker discovery, like the open source 

infrastructure driving genomics research144–146. The DBDP is an open source software tool for 

making sense of data derived from BioMeTs and for discovering digital biomarkers from 

mHealth and wearables data. The DBDP currently enables the development of new digital 

biomarkers and the comparison of existing digital biomarkers. We are currently working towards 

rigorous validation of DBDP modules in order to provide them as a resource to the community 

for digital biomarker benchmarking.  

In order to increase the reach of the DBDP and enable collaborations across the field of 

digital biomarker research, we plan to integrate the DBDP with the Open mHealth interoperable 

data collection architecture. Open mHealth has a large community with over 6500 developers. 

The Open mHealth tools for data collection are standards in industry254. Open mHealth is focused 

on collecting and storing wearable and mobile health data based on an open reference standard 

that is currently under ballot to become an official IEEE global standard255. Open mHealth tools 

include Shimmer, a data aggregator for mobile sensors (i.e., iHealth, GoogleFit). While Open 

mHealth’s syntactic and semantic standards facilitate interoperability, they do not address the 

clinical validity of the represented biomarker. To address clinical validity, we aim to integrate the 

Open mHealth framework into the DBDP. Specifically, we are currently creating a pipeline to 

automatically format the JSON outputs of Open mHealth’s Shimmer tool to function as direct 

inputs into the DBDP. In addition to outreach and education, we plan to integrate 100 new digital 

biomarker modules relating to BioMeT data harmonization, pre-processing, exploratory data 
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analysis, predictive model building, and cardiometabolic disease research into the DBDP by the 

end of 2022.  

We also encourage the digital biomarker community to contribute open access code, 

algorithms, and benchmarking datasets to the DBDP following the FAIR principles. In order to 

facilitate the verification and validation, and continued exploration of digital biomarker 

applications, the DBDP provides resources, a platform, and an online community to make this a 

reality. We envision the DBDP becoming a standard for the digital biomarker community and an 

epicenter of digital health collaboration and exploration.  
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6. Non-invasive Wearables for Remote Monitoring of HbA1c 

and Glucose Variability: Proof of Concept 

This work is currently under review with co-authors P. Cho, A. Wittmann, C. Thacker, S. 

Muppidi, M. Snyder, M.J. Crowley, M. Feinglos, and J.P. Dunn. 

6.1 Preface 

Here in Aim 2.1 and 2.2, we demonstrate the feasibility of using common wrist-worn 

biometric sensors (‘wearables’) to estimate hemoglobin A1c (HbA1c) and glucose variability for 

identification of prediabetes and monitoring of glycemic health. Our HbA1c estimation model 

using wearables data achieved a mean average percent error (MAPE) of 5.1% in an external test 

set and was as accurate as continuous glucose monitor-based HbA1c estimation models, 

including the American Diabetes Association estimated HbA1c model and the CGM-based model 

we developed as part of Aim 2.1. We also show that 11 glucose variability metrics could be 

estimated with high performance (MAPE < 10%) using wearable sensor data.  

6.2 Introduction 

Prediabetes affects over one third of people in the United States1. Up to 70% of 

individuals with prediabetes eventually develop type 2 Diabetes (T2D), which is one of the ten 

leading causes of death globally17 and is associated with comorbidities including cardiovascular 

disease, nephropathy, neuropathy, and retinopathy.  

While prediabetes is highly prevalent and has serious consequences, it is also seriously 

undiagnosed and mismanaged— only ten percent of those with prediabetes are aware that they 

have the disease2. For those who have been diagnosed, prediabetes is often poorly managed3–5. 

Prediabetes can be diagnosed using serum glucose measurement, hemoglobin A1c (HbA1c), 
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fasting glucose, and/or oral glucose tolerance testing256, none of which is ideally suited for 

efficient prediabetes screening in the general population due to the requirement for drawing 

blood. And screening criteria is wholly insufficient: In a nationally representative sample, fewer 

than half of those who met ADA screening criteria were screened26. This has led to a diagnostic 

gap in prediabetes. Further, management of prediabetes is limited to point-of-care clinical visits 

and there is currently no way of assessing day-to-day or week-to-week progression of the disease. 

Further, diagnosis of prediabetes is limited to point-of-care clinical visits, which makes it 

extremely challenging to obtain a diagnosis of prediabetes for the twenty percent of Americans 

who are uninsured257 and the 57 million Americans live in remote, rural areas29 with limited 

accessibility to the point-of-care clinical visits. The economic burden of diabetes and prediabetes 

is growing rapidly, requiring the adoption of more comprehensive screening approaches as well 

as better prevention and treatment strategies258. 

Diagnosing and treating prediabetes early can prevent the progression to T2D and 

mitigate tissue damage resulting from chronic hyperglycemia. T2D in the prediabetic stage is 

reversible with lifestyle changes, therefore, proper management of prediabetes is critical. In fact, 

the Finnish Diabetes Prevention Study found a 58% reduction in conversion to T2D with dietary, 

weight loss, and physical activity interventions during the prediabetic stage20.  Innovative, 

practical strategies to improve detection, monitoring and management of prediabetes before 

conversion to T2D are desperately needed. 

Non-invasive wrist-worn biometric sensors, often referred to as ‘wearables,’ are 

becoming nearly ubiquitous in the United States, with 117 million currently in use and an 

expected 100% growth in the next three years6. Because of this widespread use, wearables have 

important potential to aid in the development of digital biomarkers which will facilitate detection 
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and monitoring of chronic diseases7. Digital biomarkers are digitally collected data (e.g. heart rate 

measurements from a wearable) that may be used as indicators of health outcomes (e.g. 

prediabetes). Digital biomarker algorithms enable the aggregation of high-resolution, intra-

individual data into summary metrics that are interpretable and actionable. 117 million 

individuals already have these noninvasive, wrist-worn wearables6: by leveraging this data 

already being collected, we can improve health outcomes.   

Using wearables to generate digital biomarkers capable of monitoring glycemic metrics 

in people with prediabetes would represent a major advance in T2D prevention. Glycemic health 

has been shown to be correlated with glucose variability metrics15,36,42,47,49–51,259 and HbA1c42,50,51. 

Wearables can noninvasively capture metrics reflecting autonomic nervous system activity,8,13–16 

including heart rate variability, electrodermal (sweat) activity, and skin temperature. The known 

association between glycemic variability and metrics of autonomic neuropathy9–12 that can be 

measured using wearables13–15,126,260, provides a strong rationale for attempting to develop digital 

biomarkers to monitor prediabetes based on noninvasive data from wearables.  

Prediabetes is a complex disease, and specific cases may include both impaired glucose 

tolerance and impaired fasting glucose to varying degrees33. In order to account for this 

complexity, as well as the fact that HbA1c may miss cases of prediabetes that are detectable by 

fasting glucose and glucose tolerance 261, it is important to not only examine HbA1c for 

prediabetes detection, but also metrics of glucose variability. This study sought to determine the 

feasibility of using digital biomarkers from wearables to estimate glucose variability metrics and 

HbA1c among patients with prediabetes and high-normal blood glucose (Figure 21). This study is 

a proof of concept study designed to establish the feasibility of using noninvasive wearables to 
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estimate glucose variability metrics and HbA1c and to develop methods to inform larger cohort 

studies. 

 

Figure 21. Chapter 6 Graphical Abstract.  

Our prospective cohort consisted of 16 participants that wore the CGM and wrist-worn 

wearable simultaneously for 8-10 days after a clinical HbA1c was measured. Our retrospective 

validation cohort was our external test set and consisted of 10 participants. We developed a 

random forest model estimating HbA1c (Watch eA1c) and random forest models estimating each 

of the 27 glucose variability metrics. We compared our Watch eA1c model to three comparison 

models: ADA CGM eA1c, CGM eA1c, and Linear Watch eA1c. We were able to obtain a mean 
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average percent error (MAPE) of 5.1% on the external-test validated Watch eA1c and a MAPE of 

<10% on 11 metrics of glucose variability. 

6.3 Materials and Methods 

6.3.1 Experimental Design 

In this study, we sought to determine the feasibility of using digital biomarkers from 

wearables to estimate both glucose variability metrics and HbA1c in order to evaluate glycemic 

health among patients with prediabetes and high-normal blood glucose (Figure 21). Given the 

body of evidence suggesting that autonomic nervous system metrics, measurable with 

noninvasive, wrist-worn wearables, are associated with variability in blood glucose9,11, we 

hypothesized that we could develop models using features engineered from noninvasive 

wearables data to estimate blood glucose variability and HbA1c, previously only measurable 

through continuous glucose monitoring and clinical blood tests, respectively.   

6.3.2 Study Population 

The prospective cohort study was approved by the Duke University Health System 

(DUHS) Institutional Review Board and written informed consent was obtained from all 

participants (Pro00101398). All subjects consented to the study and were compensated a total of 

$150 for their participation. Data analysis on the retrospective validation cohort study (Data 

collected under Stanford University Institutional Review Board Protocol Numbers 23602 and 

34907) was approved by the DUHS Institutional Review Board (Pro00102307).  

Patients were recruited for the prospective study from the Duke Endocrinology Clinic 

through medical record review. Included patients were between the ages of 35-65 with high 

normal blood glucose (HbA1c 5.2-5.6) or prediabetes (HbA1c 5.7-6.4). Participants were 
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excluded if they had cancer, COPD, cardiovascular disease, food allergies, or were taking any 

antidiabetic drugs. 

For the retrospective validation cohort, study participants with data collected between 

2017-2018 in the Integrated Personal Omics Profiling (iPOP) study cohort were included if they 

had high normal blood glucose or prediabetes (HbA1c 5.2-6.4) and non-invasive wrist-worn 

wearable (Empatica E4) data during the 10 days following their clinic visit. The retrospective 

validation cohort did not have continuous glucose monitoring. 

6.3.3 Study Protocol 

Prospective study participants (N=16) had HbA1c measured in the clinic on Day 0. 

Participants wore a Dexcom G6 continuous glucose monitor (CGM) and a wearable wrist-based 

device (Empatica E4) 24 hours a day for 8-10 days after Day 0 (Figure 21). High glycemic meals 

were used to induce glucose variations over the course of the study. Specifically, standardized 

breakfast meals (1.5 cups of Frosted Flakes and 1 cup Lactaid 2% Milk) were ingested every 

other morning prior to ingesting any other food, drink, or medication. The standardized breakfast 

meals were used to induce hyperglycemia regularly and repeatedly in order to have repeated 

measures from the same individual. Participants were requested to not make any changes to their 

typical diet other than the standardized breakfast meals. Comprehensive diet logging of all meals 

and snacks, including beverages, was done with a food diary.   

For the retrospective validation cohort (N=10), we used data from wrist-worn wearables 

(Empatica E4) worn 24 hours a day for up to 10 days following the HbA1c measurement (Figure 

21). Patients in the retrospective external validation cohort did not have simultaneous data from a 

CGM and did not have dietary interventions or diet logging.  
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The Dexcom G6 records interstitial glucose concentration (mg/dL) every 5 minutes. The 

Empatica E4 contains four sensors: photoplethysmography (optical heart rate), electrodermal 

activity (galvanic skin response, related to sweat activity), skin temperature, and tri-axial 

accelerometry. Heart rate is recorded once per second, (calculated from photoplethysmography 

sampled at 64Hz), electrodermal activity and skin temperature are recorded at 4Hz, and 

accelerometry is recorded at 32 Hz. The accelerometry data was pre-processed and the vector 

magnitude of the three axes was used in this study262. 

6.3.4 Sample Size 

For this pilot feasibility study, a sample size of 16 participants was targeted and achieved, 

including 8 with prediabetes and 8 with high-normal glucose levels (Supplementary Table 13, 

Appendix B).  

6.3.5 Model Development 

Interstitial glucose summary and glucose variability metrics were calculated from the 

continuous glucose monitoring data (Supplementary Table 1, Appendix B). Metrics summarizing 

the noninvasive wearable sensor data were developed and calculated for each participant 

(Supplementary Table 14, Appendix B). In total, 84 metrics from four noninvasive wearable 

sensors (21 features per sensor) were calculated. 

The objective of this study was to use noninvasive wearables to estimate glucose 

variability metrics and HbA1c, which have been shown to be indicative of glycemic health50,51. 

To accomplish this, we built separate random forest models estimating each of the 27 glucose 

variability metrics (Watch RF eGluVar) and estimating HbA1c (Watch RF estimated A1c (eA1c)). 

Models were tuned using leave-one-person-out cross validation on the prospective cohort by 
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removing all features that had a variable importance (cutoff=0-<0.05) in each training fold. Mean 

squared error (MSE) was used as the stopping condition263. Each of the 27 Watch RF eGluVar 

models were evaluated using leave-one-person-out cross validation on the prospective cohort 

(N=16). Because we had an external test set with HbA1c and wearable sensor data only, we could 

evaluate the Watch RF eA1c model by two separate methods: 1) using leave-one-person-out cross 

validation on the prospective cohort (N=16), and 2) using a retrospective out-of-sample cohort 

(N=10).  

For all models, the root mean squared error (RMSE) and mean average percent error 

(MAPE) were used to assess model performance264. While an acceptable MAPE has been widely 

debated, a MAPE of less than 10% is generally accepted as highly accurate265. 

We developed two additional models estimating HbA1c to compare to the Watch RF 

eA1c model using either a different model structure with input features from the same data 

source, or the same model structure with different input variables calculated from a more invasive 

wearable sensor (the CGM). We first developed a multiple regression model to estimate HbA1c 

(Watch LM eA1c) using the same features as the Watch RF eA1c model. Second, we built a 

random forest model to predict HbA1c (CGM RF eA1c) using interstitial glucose summary and 

glucose variability metrics that we calculated from the CGM data (Supplementary Table 1, 

Appendix B). We also compared the Watch RF eA1c  model to the American Diabetes 

Association estimated HbA1c linear regression model that is based on mean glucose 

measurements from CGM (ADA CGM LM eA1c).41 Ultimately, we evaluated all of the eA1c 

models against one another (Figure 21).  

All models were developed using Python 3.8.3. Specific Python packages utilized for 

data handling and modeling include numpy, pandas, statsmodels, and sklearn.   
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6.3.6 Statistical Analyses 

In order to compare Watch RF eA1c with Watch LM eA1c and the CGM-based models, 

we calculated the RMSE and MAPE for each model. We then performed t-tests on the model 

RMSE calculated on each training fold, which are outlined in Supplementary Table 17. Paired t-

tests performed on the RMSE from the same held-out observation were done between ADA CGM 

LM eA1c and CGM RF eA1c, ADA CGM LM eA1c and Watch RF eA1c (LOOCV), CGM RF 

eA1c and Watch RF eA1c (LOOCV), and Watch RF eA1c (external validation test) and Watch 

LM eA1c. Because there was a different number of participants in the retrospective, external 

validation cohort, we used a two-sided t-test for two independent samples between ADA CGM 

LM eA1c and Watch RF eA1c , CGM RF eA1c and Watch RF eA1c (external validation test), 

Watch RF eA1c (LOOCV) and Watch RF eA1c (external validation test), ADA CGM LM eA1c 

and Watch LM eA1c, CGM RF eA1c and Watch LM eA1c, and Watch RF eA1c (LOOCV) and 

Watch LM eA1c. We used a Bonferroni multiple hypothesis corrected significance cutoff p-value 

of 0.005 (p-value 0.05/10 different analyses performed). We used R2 between observed and 

expected values to determine what percent of the variance is explained by our models. We also 

performed a Bland Altman analysis for both the Watch RF eA1c (LOOCV) and the Watch RF 

eA1c (external validation test). Statistical analyses were performed using Python 3.8.3 using the 

statsmodels and scipy libraries.   

6.4 Results 

For the prospective cohort, 16 participants (mean age 54.7 years; 9 females; 4 African 

American, 11 Caucasian-White, 1 Multi-racial; 8 participants with prediabetes, 8 participants 

with high normal glucose; body mass index 32.67 ± 5.68) were recruited (Figure 21A). For the 
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retrospective validation cohort, 10 participants met our inclusion criteria (5 females, 5 males, 

mean age = 55.4, racial breakdown: 4 African American, 6 Caucasian-White; 5 participants with 

prediabetes, 5 participants with high normal glucose). Demographics for both the prospective and 

retrospective cohort are defined in Supplementary Table 13 (Appendix B).  

We developed models to estimate each of the 27 CGM-based glucose variability metrics 

(Watch RF eGluVar) and clinically-measured HbA1c (Watch RF eA1c) using non-invasive 

wearables.  

The Watch RF eGluVar performance metrics, root mean squared error (RMSE) and mean 

average percent error (MAPE), are summarized in Table 8 and depicted in Figure 22. Out of the 

27 of Watch RF eGluVar models built, 11 of the glucose variability metrics could be estimated 

with high performance (MAPE < 10%) (Table 8). These metrics include the Glucose 

Management Indicator (GMI), Interday Mean Glucose, Interday Median Glucose, Interday 

Quartile 1 Glucose, Interday Quartile 3 Glucose, Mean of Glucose Excursions (MGE), Mean of 

Intraday Standard Deviation, Standard Deviation of Intraday Standard Deviation, Time Inside 

Range (TIR), Percent Time Inside Range (PIR), and Mean of Normal Glucose (MGN). We found 

that 10/27 models outperformed the mean model and 11/27 models outperformed the median 

model (Supplementary Table 15, Appendix B). We examined the relative importance of each 

individual wearable sensor (optical heart rate, accelerometry, skin temperature, and electrodermal 

activity) in the Watch RF eGluVar models (Supplementary Table 16, Appendix B) and found that 

while sensor importance varied by the glucose variability metric being modeled, every metric 

required the use of all four sensors to achieve high model performance. 
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Figure 22. Accuracy of models estimating glucose variability using a noninvasive, wrist-

worn wearable sensor.  

Models shown in terms of mean average percent error, MAPE. 11 models achieved a MAPE of 

less than 10%. (Not pictured: LBGI and HBGI MAPE due to >100% MAPE). 

 

The Watch RF eA1c model estimating the clinically-measured HbA1c, validated using 

leave-one-person-out cross validation (LOOCV) on the prospective cohort, achieved RMSE = 
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0.281 with MAPE = 4.87%. The variance of HbA1c explained by the Watch RF eA1c model (R2) 

was 26.0%. The retrospective external validation of Watch RF eA1c model using the prospective 

cohort as the training set and the retrospective external validation cohort of 10 people as the test 

set resulted in RMSE = 0.357 and MAPE of 5.12%. The performance of the Watch RF eA1c 

model did not exceed the performance of the mean model, while the CGM RF eA1c model did 

exceed the performance of the mean model (Supplementary Figure 11, Appendix B). Comparison 

of the Watch RF eA1c (both the LOOCV and the external test) with the ADA CGM LM eA1c 

(RMSE = 0.379; MAPE =5.39%) and CGM RF eA1c (RMSE = 0.245 +/- 0.237; MAPE = 4.22 

+/- 3.89%) models showed no significant difference between model errors (Figure 23, 

Supplementary Table 17, Appendix B).  
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Figure 23. Comparison of HbA1c estimation models.  

Models: American Diabetes Association estimated A1c, our model estimating A1c using glucose 

metrics from CGM (LOOCV, tuned), our model using noninvasive wearable sensors (LOOCV, 

tuned), our model using noninvasive wearable sensors (tested on external test set). Models were 

compared using t-tests. As shown, the models are not significantly different from one another. 

In addition to comparing the Watch RF eA1c model to the models built using CGM data, 

we also compared the Watch RF eA1c model to a linear model, Watch LM eA1c. We found that 

while there was no significant difference between the model errors at our Bonferroni multiple-
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hypothesis-corrected p-value, the error of the Watch LM eA1c model (RMSE: 0.690; MAPE: 

9.56%) was nearly double that of the Watch RF eA1c model (RMSE: 0.357; MAPE: 5.12%) 

(Supplementary Figure 11, Supplementary Table 16, Appendix B).  

We examined the importance of each individual wearable sensor in estimating HbA1c in 

the Watch RF eA1c model. The importance of each wearable sensor in estimating HbA1c was 

skin temperature (33%), electrodermal activity (28%), heart rate (14%), and accelerometry (25%) 

(Figure 24). We developed Watch RF eA1c models using each individual sensor alone 

(accelerometry, heart rate, electrodermal activity, or temperature) and found that the accuracy of 

the models with a single sensor did not exceed that of the multi-sensor model (Supplementary 

Table 18, Appendix B). 

We performed a Bland Altman analysis for the Watch RF eA1c model for both validation 

methods and found that model bias was increased at higher HbA1c (Supplementary Figure 12, 

Appendix B). On the Watch RF eA1c (external validation test), all values were within the limits 

of agreement. On the Watch RF eA1c (LOOCV), only one individual exceeded the accepted 

limits of agreement (Supplementary Figure 12, Appendix B). 
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Figure 24. The relative importance of wearable sensors in estimating clinical HbA1c. 
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Table 8. Results of Wearable Sensor Estimation of Glucose and Glucose Variability 

RF-LOOCV Models 

Metric Abbreviation Mean +/- SD RMSE (mean +/- SD) MAPE (mean 

+/- SD) 

Glucose 

Management 

Indicator  

GMI 6.05 +/- 0.24 0.26 +/- 0.13  4.31 +/- 2.14 % 

Interday Mean 

Glucose 

Mean 114.46 +/- 9.98 mg/dL 11.04 +/- 5.34 mg/dL 9.76 +/- 4.99% 

Interday 

Median 

Glucose  

Median 111.69 +/- 9.65 mg/dL 7.92 +/- 6.19 mg/dL 7.13 +/- 5.63 % 

Interday 

Minimum 

Glucose 

Minimum 20.26 +/- 4.27 mg/dL 4.48 +/- 2.89 mg/dL 22.68 +/- 14.92 

% 

Interday 

Maximum 

Glucose 

Maximum 17.65 +/- 3.15 % 3.26 +/- 2.31 % 18.46 +/- 12.30 

% 

Interday 

Quartile 1 

Glucose 

Q1G 2978.13 +/- 575.27 min 453.13 +/- 321.51 min 15.29 +/- 11.59 

% 

Interday 

Quartile 3 

Glucose 

Q3G 8548.75 +/- 1079.58 

min 

763.36 +/- 644.92 min 9.37 +/- 8.93 % 

Mean of 

Glucose 

Excursions  

MGE 63.25 +/- 14.44 mg/dL 17.12 +/- 8.24 mg/dL 29.69 +/- 19.18 

% 

Interday 

Standard 

Deviation 

SD 201.44 +/- 26.73 mg/dL 28.90 +/- 16.02 mg/dL 14.53 +/- 8.28 % 

Mean of 

Intraday 

Standard 

Deviation 

iSD Mean 101.31 +/- 8.34 mg/dL 6.81 +/- 4.90 mg/dL 6.79 +/- 5.06 % 

Standard 

Deviation of 

Intraday 

Standard 

Deviation 

iSD SD 123.19 +/- 11.27 mg/dL 12.01 +/- 5.99 mg/dL 9.92 +/- 5.37 % 

Median of 

Intraday 

Standard 

Deviation 

iSD Median 122.40 +/- 13.56 mg/dL 11.95 +/- 6.02 mg/dL 9.91 +/- 5.27 % 

Interday 

Coefficient of 

Variation 

CV 44.62 +/- 3.73 mg/dL 2.82 +/- 3.12 mg/dL 6.75 +/- 9.08 % 

Mean of 

Intraday 

Coefficient of 

Variation 

iCV Mean 29.89 +/- 1.80 mg/dL 1.70 +/- 1.08 mg/dL 5.78 +/- 3.79 % 
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Standard 

Deviation of 

Intraday 

Coefficient of 

Variation 

iCV SD 29.06 +/- 5.38 mg/dL 4.16 +/- 3.92 mg/dL 16.35 +/- 20.58 

% 

Median of 

Intraday 

Coefficient of 

Variation 

iCV Median 15.97 +/- 2.86 mg/dL 2.99 +/- 2.14 % 19.14 +/- 14.00 

% 

J-index J-index 4.04 +/- 1.38 mg/dL 1.04 +/- 0.98 % 27.78 +/- 27.45 

% 

Mean of Daily 

Differences  

MODD 15.66 +/- 2.90 mg/dL 3.07 +/- 2.03 % 20.24 +/- 13.58 

% 

Percent 

Outside Range 

+/- 1 SD  

POR 18.32 +/- 3.47 n.u. 3.76 +/- 1.98 n.u. 21.60 +/- 13.05 

% 

Percent Inside 

Range +/- 1 

SD 

PIR 18.43 +/- 3.57 mg/dL 2.66 +/- 2.27 mg/dL 14.89 +/- 13.00 

% 

Time Outside 

Range +/- 1 

SD  

TOR 25.78 +/- 3.19 % 3.06 +/- 2.23 % 12.38 +/- 10.55 

% 

Time Inside 

Range +/- 1 

SD  

TIR 74.22 +/- 3.19 % 3.07 +/- 2.24 % 4.14 +/- 2.97 % 

Average Daily 

Risk Range  

ADRR 11.81 +/- 3.26 n.u. 2.90 +/- 2.62 n.u. 26.66 +/- 26.52 

% 

Continuous 

overall net 

glycemic 

action for 24 

hours  

CONGA24 9.69 +/- 2.58 n.u. 2.29 +/- 2.09 n.u. 23.02 +/- 16.34 

% 

Mean of 

Normal 

Glucose  

MGN 111.92 +/- 9.53 mg/dL 10.15 +/- 6.65 mg/dL 9.22 +/- 6.26 % 

Low blood 

glucose index  

LBGI 0.58 +/- 0.55 n.u. 0.40 +/- 0.41 n.u. 162.79 +/- 

216.70% 

High blood 

glucose index  

HBGI 0.69 +/- 0.50 n.u. 0.46 +/- 0.23 n.u. 143.79 +/- 

153.24% 

 

6.5 Discussion 

This study sought to evaluate a novel approach for prediabetes detection and monitoring: 

the use of digital biomarkers from non-invasive wrist-worn wearables to estimate HbA1c and 

glucose variability. The primary goals of this study were to provide a proof of concept and 
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demonstrate methods to inform future studies using digital biomarkers from noninvasive 

wearables for prediabetes and diabetes screening and monitoring. In this feasibility study, we 

found that we can estimate 11 glucose variability metrics with high accuracy (<10% MAPE) and 

HbA1c with high accuracy (RMSE: 0.357; MAPE =5.1%) using these non-invasive wearable 

devices. The HbA1c estimation model that we developed from the non-invasive wrist-worn 

wearables was as accurate as the invasive CGM-based American Diabetes Association eA1c. 

Because the American Diabetes Association model was developed for type 1 diabetes patients 

and may therefore be limited in patients with prediabetes and T2D, we have attempted to 

corroborate the eA1c model using a model we developed to estimate HbA1c in our population 

based on CGM data. Our non-invasive wearable HbA1c model also performed comparably to our 

CGM-based model.   

This study shows the feasibility of using noninvasive, wrist-worn wearables to estimate 

HbA1c and glucose variability in prediabetes, an approach which could be utilized in the future 

for remote detection of prediabetes and could potentially be extended to monitoring and 

management of prediabetes. Leveraging wearables for non-invasive, remote detection of 

prediabetes could represent a groundbreaking strategy for closing the current diagnostic gap in 

prediabetes, which leaves individuals with unrecognized prediabetes at a high but preventable 

risk for developing T2D and its complications. Recent studies have shown the potential for using 

these wearable devices for the detection of other chronic disease states and acute diseases, such as 

infection8,16,266. While larger studies will be needed to provide additional validation of our 

models, the present findings show the feasibility of using noninvasive wrist-worn wearables for 

prediabetes detection and monitoring. 
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There is a well-established acute and chronic impact of glucose variability on the 

autonomic nervous system9–12. Fluctuations in autonomic nervous system metrics can be 

measured non-invasively and remotely using wearable devices13–15,126,260, which begets the 

possibility of monitoring glycemic variability non-invasively using autonomic nervous system 

measurements as a proxy.  

While all of the sensors used in this study (accelerometry, heart rate, electrodermal 

activity, and skin temperature) were important for the estimation of glucose variability metrics 

and HbA1c, we found that electrodermal activity and skin temperature are the most important 

sensors when estimating HbA1c and heart rate was among the most important indicators in many 

of the glucose variability models, including interday mean glucose, mean amplitude of glucose 

excursions, and time inside range. Overall, the glucose variability metric models had higher 

importance of heart rate (19.7-52%), which has been shown previously to be indicative of glucose 

health266.  The importance of skin temperature and electrodermal activity in the HbA1c estimation 

model is possibly due to the strong associations between these sensors and autonomic nervous 

system function12,13,58,60, which is very sensitive to fluctuations of glucose, specifically high blood 

glucose (hyperglycemia) and low blood glucose (hypoglycemia)267. Sudomotor dysfunction, 

defined as decreased sudomotor activity and measured with electrodermal activity and skin 

temperature, is the earliest clinically detectable stage of autonomic neuropathy58, so the fact that 

these sensors are predictive of HbA1c and glucose variability is rooted in known physiology. 

Furthermore, preliminary studies have previously demonstrated that the thermal effects of food, 

and the corresponding increase of metabolic rate, may be able to be measured with skin 

temperature268. This provides additional physiological evidence that skin temperature as measured 

with a wearable sensor may be predictive of factors that impact HbA1c and glucose variability.   
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While we demonstrate with a Bland Altman analysis that all but one individual exceeded 

the limits of agreement across both the Watch RF eA1c (external validation test) and the Watch 

RF eA1c (LOOCV), this analysis does show some bias in those with higher HbA1c values. This 

is potentially due to the low number of participants in the cohort and the very small number of 

participants with HbA1c >5.7. However, this may also be due to irregular patterns among 

participants with higher HbA1c values. This is an area that should be explored in future studies. If 

confirmed that there are more irregular patterns among participants with higher HbA1c values in 

a larger cohort, this could be harnessed as a feature in the model and better inform future 

predictions.      

If future research supports the approach of using noninvasive wearables for prediabetes 

detection, the goal would be to leverage data from the 117 million noninvasive wearables 

currently in use6. This would enable us to take advantage of data already being collected to add to 

the current screening approaches to prediabetes. Layering additional detection from wearables on 

top of current methods could increase recognition of prediabetes and allow intervention on 

currently undiagnosed patients. If non-invasive wearables can be confirmed to predict HbA1c and 

glucose variability with similar accuracy as the CGM, the use of wearables for prediabetes 

detection and monitoring would have dramatically improved prospects for scalability. 

 

 

6.5.1 Study Limitations and Future Directions 

This study has several limitations. First, HbA1c was measured in our cohorts prior to 

collection of the wrist-worn wearables data, meaning that any HbA1c variation occurring during 
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the 10-day monitoring period would not be reflected in our models. However, because HbA1c is 

unlikely to change substantially over a 10-day period in the prediabetes population, this limitation 

is unlikely to have significantly impacted our findings.  

Second, our cohorts included a small number of participants and our Watch RF eA1c 

model did not exceed the performance of the mean model, potentially due to the narrow range of 

HbA1c values in this dataset. The coefficients of determination in this model were low, which we 

hypothesize is a result of the low amount of variance observed in the dataset used, which has been 

demonstrated to be a limitation of coefficients of determination in small cohort studies269. This 

further supports the need for future studies that are adequately powered beyond this proof of 

concept study. While we did utilize an independent cohort for validation of the wrist-worn 

wearable data-based HbA1c prediction model, a larger study with a broader range of HbA1c 

values and more racial and ethnic diversity will be needed in order to continue developing these 

putative digital biomarkers. Further, external validation of the glucose variability models will be 

necessary in follow-up studies. There are inherent limitations in small cohorts regardless of 

validation methods used; thus, it is important to note that this study is a proof of concept study 

that proposes the feasibility of a new research area and supports future studies in this space that 

are adequately powered and will generalize to new populations. 

Third, the wrist-worn wearables utilized in this study were research-grade devices and 

contain more sensors than many commercial-grade devices (including electrodermal activity and 

skin temperature). Wrist-worn wearables with a similar array of biometric sensors are becoming 

increasingly popular, and with the recent release of electrodermal activity and skin temperature 

sensors on the Fitbit wearable270, future work should explore prediabetes prediction using such 

commercial-grade devices. Additionally, while our models of individual sensors did not perform 
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as well as the composite model with all sensors, using individual sensors is an area of future 

research in larger cohorts. 

Finally, the dietary intervention in our study could potentially limit applicability of the 

glucose variability models on external populations. The HbA1c estimation model was tested on 

an external cohort without a dietary intervention and showed similar efficacy to the leave-one-

person-out cross validated model on the population with the dietary intervention. 

Other future directions to note include the relationship between HbA1c and glycemic 

variability, which can vary with comorbidities and differing physiology, and the effect of this on 

the accuracy of the models presented herein should be examined in larger cohorts271. 

Hypertension may be a risk factor for prediabetes. Though not included as part of this study, 

hypertension status should be recorded and used as a covariate in follow-up studies. Individuals 

with higher body mass index (BMI) have been demonstrated to have higher glycemic 

variability272,273. Thus, larger follow-up studies involving a wider range of BMI and/or body fat 

percentage should explore its role as a covariate.  

This proof of concept study will need to be followed up by rigorous, adequately powered 

studies in order to generalize to larger populations with wider ranges of HbA1c values. One of the 

primary objectives of this study was to provide methods for future studies in developing digital 

biomarkers from noninvasive wearables for prediabetes and diabetes screening and monitoring. 

To support this, we have developed two open-source packages for calculating the glucose 

variability metrics and features from noninvasive wearables that we have developed in this study. 

These packages are available in the Digital Biomarker Discovery Pipeline132. 
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6.6 Conclusions 

This study is a proof of concept that supports the feasibility of using noninvasive, wrist-

worn wearables to accurately estimate HbA1c and glucose variability among patients with normal 

blood glucose and prediabetes. The findings in this study support the development of future 

studies examining the use of digital biomarkers for prediabetes and diabetes screening and 

monitoring. Specifically, we were able to estimate HbA1c with high accuracy (RMSE: 0.357; 

MAPE =5.1%) and 11 glucose variability metrics with high accuracy (<10% MAPE) using these 

non-invasive wearable devices. Our findings from this proof-of-concept study suggest that 

wearables could potentially be utilized as part of a strategy to remotely monitor diabetes and 

detect undiagnosed prediabetes. Because wearables are so prevalent in the general population, 

leveraging these ubiquitous devices for purposes including glycemic monitoring and prediabetes 

detection could represent a major advance in clinical diabetes care. 

 

 

 

 

 

 

 

7. Engineering Digital Biomarkers of Interstitial Glucose 

This work is currently in preparation to be published with co-authors P. Cho, M. 

Henriquez, A. Wittmann, C. Thacker, M.J. Crowley, M. Feinglos, and J.P. Dunn. 
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7.1 Preface 

Here in Aim 2.3, we demonstrate the feasibility of using noninvasive and widely 

accessible methods to classify personalized interstitial glucose excursions and predict interstitial 

glucose. We also show robust methods for both data-driven and domain-driven feature 

engineering from noninvasive wearables. Furthermore, we compared population approach 

machine learning and personalized approach machine learning for the prediction of interstitial 

glucose and demonstrated the existence of a “crossover point” at which the personalized model 

accuracy exceeds the traditional population approach to modeling interstitial glucose. 

7.2 Introduction 

There is currently no practical, noninvasive method for monitoring prediabetes; 

specifically, noninvasive glucose monitoring to inform prediabetes self-management is lacking. 

Prediabetes affects over one third of people in the United States1. While prediabetes is highly 

prevalent and has serious consequences, it is also seriously undiagnosed — only ten percent of 

those with prediabetes are aware that they have the disease2 and for those who have been 

diagnosed, prediabetes is often poorly managed3–5, leading to 70% of individuals with prediabetes 

eventually developing type 2 diabetes (T2D). Prediabetes is reversible with lifestyle 

modifications: the Diabetes Prevention Program found a 58% reduction in the incidence rate of 

diabetes after interventions aimed at weight loss, dietary change, and physical activity increase 

occurred during prediabetes274.  The critical gap in prediabetes management is not in the lifestyle 

modifications themselves, which have been demonstrated to have high efficacy; rather, the 

management of prediabetes hinges upon patients initiating and maintaining these lifestyle 

modifications. Recently, monitoring of blood glucose levels has been added to some prediabetes 



 

138 

 

treatment plans275,276 and tracking of blood glucose is even being used by those with normal 

glucose levels in order to better understand glycemic and metabolic health277,278. Additionally, 

long-term lifestyle changes are more likely when patients systematically track their own 

behavior279, giving credence to using easily accessible methods for glycemic health monitoring to 

aid in self-management of prediabetes.   

Glucose control is very important in controlling prediabetes symptoms and is often the 

main objective of disease management, along with regulating glucose variability and avoiding 

glucose excursions. Definitions of glucose excursions, ‘hyperglycemia’ (glucose that is too high) 

and ‘hypoglycemia’ (glucose that is too low) have been widely cited in literature pertaining to 

T1D and T2D5,42,44,51,280–283. Hyperglycemia is traditionally defined as having non-fasted glucose 

above 180 mg/dL and hypoglycemia is traditionally defined as having non-fasted glucose below 

70 mg/dL280,283,284. These definitions were developed for diabetes management283. However, these 

may not be adequate to explain glucose excursions in individuals with prediabetes and normal 

HbA1c due to lower fasting glucose levels and lower glucose variability than in those with 

diabetes. In order to manage glucose fluctuations, it is essential for patients to understand how 

their lifestyle habits may influence their blood glucose levels so that they can begin to 

appropriately manage their disease. Current methods for monitoring blood glucose, including 

blood glucose meters and continuous glucose monitors, are not frequently utilized by those 

without insulin medication due to their inconvenience, invasiveness27, and high costs. There is 

currently no noninvasive way to estimate interstitial glucose in real-time.    

Typically, people with diabetes or other glycemic metabolism conditions monitor their 

glucose by measuring their blood sugar level periodically throughout the day with a blood 

glucose meter, which involves pricking the finger with a small needle. In addition to this being 



 

139 

 

painful, pricking the fingertip multiple times a day for years can cause scarring and loss of 

perception/sensibility in the fingertip27. Children have an especially difficult time with blood 

glucose monitors27, with many of them opting for continuous glucose monitors. Continuous 

glucose monitors (CGM) are invasive wearable sensors that monitor interstitial glucose and are 

most frequently utilized by patients with type 1 diabetes. However, use of CGM is infeasible for 

measuring glucose levels and fluctuations at the population level due to invasiveness and high 

cost, making scalability improbable. Neither blood glucose meters nor CGMs are typically 

prescribed or used frequently by those with prediabetes. Prediabetes is a critical time for patients 

to develop control over their glucose metabolism to prevent disease progression to type 2 

diabetes, which may require the use of medications and therapies to manage glucose control.  

Management of prediabetes is limited to point-of-care clinical visits and there is currently 

no way of assessing day-to-day or week-to-week progression of the disease. This makes it 

extremely challenging to manage prediabetes for the twenty percent of Americans who are 

uninsured257 and the 57 million Americans live in remote, rural areas29 with limited accessibility 

to the point-of-care clinical visits.  

Non-invasive wrist-worn biometric sensors, often referred to as ‘wearables,’ are 

becoming nearly ubiquitous in the United States, with 117 million currently in use and an 

expected 100% growth in the next three years6. Because of this widespread use, wearables have 

important potential to aid in the development of digital biomarkers which will facilitate detection 

and monitoring of chronic diseases7,8. Digital biomarkers are digitally collected data (e.g. heart 

rate measurements from a wearable) that may be used as indicators of health outcomes (e.g. 

prediabetes). Digital biomarker algorithms enable the aggregation of high-resolution, intra-

individual data into summary metrics that are interpretable and actionable. For robust digital 
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biomarker development, a combination of data-driven and domain-driven feature engineering is 

required. Thus, it is critical to examine the factors that affect blood glucose and glucose 

fluctuations. We will explore this in the next section.  

7.2.1 Factors affecting Blood Glucose 

There are many confounding factors that affect blood glucose levels. Physiology is intrinsically 

linked, so these factors are not able to be easily separated. While there are numerous factors that 

affect blood glucose, we will focus on those that can be measured noninvasively: from a wrist-

worn wearable, food diary, and user demographics. It is also important to consider factors that 

may not affect blood glucose directly but are rather correlated with glycemic health and glucose 

fluctuations.  

The factors affecting blood glucose are extremely personalized. Individual factors can have 

significant impacts on the blood glucose dynamic284. Even blood glucose responses to foods are 

highly individual and food that raises a person’s blood glucose can vary dramatically285. 

Gender 

Gender has been found to be an important contributor to glucose homeostasis. Healthy females 

have a lower glucose homeostasis than males286 and have been found to have a lower fasting 

blood glucose level287. While the causes remain unknown, there is a higher prevalence of T2D in 

males288–291. This may be potentially linked to sex hormone differences, which affect energy 

metabolism, body composition, vascular function, and inflammatory response292. Even though 

males have a greater risk for acquiring T2D, females may be more adversely affected by the 

disease: females are less affected by traditional T2D treatments, need higher insulin doses, and 
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the rate of severe hypoglycemia is higher in females293. Psychological stress, a known factor 

affecting blood glucose levels, has a greater impact on females292 and behavioral variances 

between the sexes may be linked to the differences exhibited in blood glucose293. 

Exercise/Activity 

Interestingly, the effects of exercise on blood glucose is multifaceted: blood glucose actually 

increases for up to 2 hours after exercise, but it lowers for the following ~24 hours after 

exercise294,295. Physical activity has been shown to have positive effects on overall glycemic 

health, reducing the risk of diabetes and helping patients manage their diabetes296–299. 

Stress 

Acute and chronic stress affect blood glucose levels300–302. While stress hormones suppress the 

appetite, thereby lowering blood glucose303,304, they also can exacerbate diabetes and lead to 

chronically higher blood glucose303. Acute stress causes an increase in adrenaline, which can 

suppress appetite and alter meal timings305, affecting blood glucose. Furthermore, acute 

psychological stress has been shown to delay the return to glucose homeostasis after eating a 

meal300. Chronic stress affects the amygdala and putamen, the logic-centers of the brain, affecting 

logical reasoning behind choosing healthy versus unhealthy food choices306. Stress management 

has been shown to have positive changes on glycemic health, decreasing HbA1c levels307. 

Circadian Rhythm 

There is a known connection between circadian rhythm and glucose metabolism308. It is important 

to note that circadian rhythm may not be an independent factor affecting blood glucose, due to 

confounders in the human behavioral cycle (fasting/feeding and sleep/wake)308. Circadian 
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disruption leads to reduced glucose control in healthy participants, which has an effect on both 

the cardiovascular and metabolic function309 and disruption in the sleep cycle has been shown to 

increase the risk of T2D310. Elevation of glucose in the evening and late meal timing disruptions 

in glucose have previously been demonstrated311,312. This is thought to be due to insulin 

sensitivity and Beta cell responsivity to glucose being lower in the evening than in the 

morning312. A characteristic time for those with diabetes is in the morning, when the “Dawn 

Phenomenon” causes higher blood glucose levels, or hyperglycemia just before waking313.   

Heart Rate 

A factor that has been shown to correlate with glycemic health is heart rate. Changes in heart rate 

have been associated with glycemic status314 and increases in heart rate are found when 

experiencing low blood glucose levels, or hypoglycemia315. Interestingly, even at those without 

diabetes, abnormal recovery heart rate is found in those with impaired fasting glucose316. 

Temperature of the Body 

Even in healthy participants, colder body temperatures are associated with lower blood glucose 

levels, or hypoglycemia317. Thermal stress can alter insulin absorption and diffusion properties318. 

Additionally, hormones that impact acute and chronic glucose management are released when the 

body undergoes thermal stress318. Those with diabetes often have an impaired capacity to 

dissipate heat and experience lower skin blood flow and abnormal sweating responses318. Skin 

temperature has been previously demonstrated to have a relationship with body temperature319, 

thus, features engineered from skin temperature may provide insight into thermal stress and 

glucose metabolism.  
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Autonomic Nervous System Metrics 

There is a known association between glucose variability and metrics of the autonomic nervous 

system9–12; fluctuations in these autonomic nervous system metrics can be measured non-

invasively and remotely using wearable devices13–15,126,260. Sudomotor dysfunction, defined as 

decreased sudomotor activity and measured with electrodermal activity and skin temperature, is 

the earliest clinically detectable stage of autonomic neuropathy58.   

Diet 
Of the three primary macronutrients – carbohydrates, fat, and protein – carbohydrates 

significantly impact glucose levels and fluctuations, while proteins and fat have minimal effects 

on blood glucose unless insulin is inadequate because insulin is required for all three 

macronutrients to be metabolized320. Carbohydrates are intrinsically linked to blood glucose 

levels and fluctuations. However, this impact is affected by a variety of factors, including the type 

of carbohydrate, the food it is eaten in conjunction with, and the type and amount of dietary 

fiber321–324. Sugar (fructose, sucrose) has large impacts on blood glucose levels due to rapid 

metabolization into blood glucose325–327. Protein has a minimal effect on blood glucose levels if 

the body has enough insulin320,328. However, with insulin deficiency, protein intake can trigger 

rapid gluconeogenesis, which contributes to an elevated blood glucose level320. Fat has little 

effect on blood glucose levels320. 

The effects of temporal distribution of calories on diurnal patterns of glucose levels and 

insulin secretion have been demonstrated312,329. Interestingly, the timing of meals has been shown 

to have impacts on the circadian rhythm of the glucose metabolism330. 
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Figure 25. Chapter 7 Graphical abstract 

This study has five objectives: 1) Engineer features from non-invasive systems using a combined 

data-driven and domain-driven feature engineering approach. 2) Develop personalized glucose 

definitions. 3) Classify glucose excursions using engineered features. 4) Build predictive models 

of glucose using both a population approach with LOPOCV and a personalized approach. 5) 

Compare personalized and population approaches to predicting glucose. 
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7.2.2 Study Objectives 

The primary objective of this study is to determine whether we can use noninvasive 

wearables combined with food logs to engineer features that can be used to classify glucose levels 

and predict glucose (Figure 25). We will integrate data-driven and domain-driven feature 

engineering methods to engineer features. We will develop a personalized, rolling baseline to 

determine glucose excursions. We will then use our engineered features to classify glucose as 

‘normal’ or ‘high’ and classify glucose as ‘normal’ or ‘low’ on a 5-minute interval. Finally, we 

will use our engineered features to develop population-level and personalized models for glucose 

prediction (Figure 25).  

 

7.3 Materials and Methods 

7.3.1 Dataset Recruitment and Collection Protocol 

The study was approved by the Duke University Health System (DUHS) Institutional Review 

Board and written informed consent was obtained from all participants (Pro00101398). All 

subjects consented to the study and were compensated a total of $150 for their participation.   

Patients were recruited for the prospective study from the Duke Endocrinology Clinic through 

medical record review. Included patients were between the ages of 35-65 with high normal blood 

glucose (HbA1c 5.2-5.6) or prediabetes (HbA1c 5.7-6.4). Participants were excluded if they had 

cancer, COPD, cardiovascular disease, food allergies, or were taking any antidiabetic drugs. 

Prospective study participants (N=16) had HbA1c measured in the clinic on Day 0. Participants 

wore a Dexcom G6 continuous glucose monitor (CGM) and a wearable wrist-based device 
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(Empatica E4) 24 hours a day for 8-10 days after Day 0. High glycemic meals were used to 

induce glucose variations over the course of the study. Specifically, standardized breakfast meals 

(1.5 cups of Frosted Flakes and 1 cup Lactaid 2% Milk) were ingested every other morning prior 

to ingesting any other food, drink, or medication. The standardized breakfast meals were used to 

induce hyperglycemia regularly and repeatedly in order to have repeated measures from the same 

individual. Comprehensive diet logging of all meals and snacks, including beverages, was done 

with a food diary.   

7.3.2 Dataset 

The Dexcom G6 records interstitial glucose concentration (mg/dL) every 5 minutes. The 

Empatica E4 contains four sensors: photoplethysmography (optical heart rate), electrodermal 

activity (galvanic skin response, related to sweat activity), skin temperature, and tri-axial 

accelerometry. Heart rate is recorded once per second, (calculated from photoplethysmography 

sampled at 64Hz), electrodermal activity and skin temperature are recorded at 4Hz, and 

accelerometry is recorded at 32 Hz.  

In total, we utilized a dataset of over 25,000 glucose measurements and 25,000 5-minute intervals 

of smart watch data measured over 8-10 days across 16 participants. 

7.3.3 Feature Engineering 

Features were engineered on data collected from the Empatica E4 wrist-worn wearable and the 

food diary. In total, 69 data-driven, domain-driven, and demographic features were used in 

developing the models, including features linked to diet, stress, exercise, circadian rhythm, and 
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behavioral habits: all features known to contribute to blood glucose fluctuations (Supplementary 

Table 19, Appendix B). 

Two of the 69 features were demographic data that incorporate user input into the model: gender 

and hemoglobin A1c (HbA1c). Another feature, the ‘personalization’ feature, differentiates each 

participant with a unique number so that models can learn relationships that may be 

individualistic.  

Data-driven features for each of the 5-minute intervals of smart watch data include 7 summary 

statistics for each sensor: mean, standard deviation, minimum, maximum, quartile 1, quartile 3, 

and skew. These summary statistics are computed for heart rate, accelerometry (vector magnitude 

of the three axes), electrodermal activity, and skin temperature.  

For the domain-driven feature engineering, we focused on 4 factors that have demonstrated 

effects on blood glucose: stress, exercise (short term and long term effects), circadian rhythm, and 

diet (including timing of meals, frequency of meals, and the short, medium, and long- term 

effects of protein, sugar, carbohydrates, and calories). We will break each of these down and 

explain the metrics calculated below: 

Stress 

The effects of stress have been measured physiologically for decades in psychology research, and 

we borrow some of their methods to quantify stress here120,331–334. Using the electrodermal activity 

data, we detected peaks and determined their prominences using the scipy library in Python335. 

We required a distance between peaks of 1 second (4 data points) and a prominence of 0.3 micro-

siemens to be considered a ‘unique peak’. We determined the number of peaks in each 5-minute 
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interval. This data was then aggregated using a rolling window approach: for the previous 2 

hours, on a rolling window, we determined the total number of peaks and the average number of 

peaks in each 5-minute interval. 

Heart rate variability (HRV) has also been demonstrated to fluctuate relating to both acute and 

chronic stress336. We utilized the inter-beat-interval data derived from the PPG and calculated 8 

HRV metrics over each 5-minute interval of data. Calculated metrics include mean HRV, median 

HRV, maximum HRV, minimum HRV, the standard deviation of intervals (SDNN), the root 

mean square of successive differences in the intervals (RMSSD), the number of successive 

intervals that differ by more than 50ms (NN50), and the proportion of NN50 divided by the total 

number of intervals (pNN50). To calculate these metrics, we utilized our own Python code that 

has been validated against the state of the art Kubios ECG software.  

Exercise 

There have been shown to be both short-term and long-term effects of exercise on blood glucose 

levels294,295, which we wanted to examine using both accelerometry and heart rate data. While it is 

difficult to quantify “exercise” without user-input, we can determine when participants are being 

more active. Thus, we developed a calculation for “activity bouts”, or bouts of activity. 

To calculate an “activity bout”, we took the mean accelerometry vector magnitude and the mean 

heart rate over the 5-minute interval and compared it to the average of the prior historical data 

from the individual. If both the mean accelerometry and mean heart rate values for the 5-minute 

interval were above the previous average, that interval is said to be an “activity bout”. In order to 

account for the short- and longer- term effects of activity on the glucose metabolism, we used a 
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rolling window to compute the total activity bouts in the last hour and the average activity bouts 

in the previous 24 hours. Additionally, we found the mean and maximum accelerometry vector 

magnitude over the previous two hours using a rolling window approach. 

Circadian Rhythm 

Circadian rhythm is a confounding variable in most physiology and it is important to take this 

into account as a feature, especially because there is a known connection between circadian 

rhythm and blood glucose308. We calculated the ‘minutes from midnight’ and the ‘hours from 

midnight’ as features indicative of circadian rhythm. 

The time when an individual wakes can affect their circadian rhythm337. Heart rate and 

accelerometry have been used previously to determine waking versus sleep states132. For each 

participant and for each day, we examined when the accelerometry and heart rate mean and 

standard deviation were less than the average for that day. When two of the four measures were 

less than the average for the day, we assigned that interval a ‘0’. All other intervals were assigned 

a ‘1’. This data was then averaged over 3 hours using a rolling window approach. We assigned 

the ‘Wake Time’ to when the slope of this data sharply changed and remained consistently higher 

25 and 75 minutes after the wake time.  

Diet 

Diet is known to have strong effects on glucose metabolism. Here, we determined features 

explaining the short-, medium-, and long-term effects of food on glucose. We used a rolling 

window to sum the number of calories, grams of protein, grams of carbohydrates, and grams of 

sugar over three windows: 2 hours, 8 hours, and 24 hours.  
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Each time a participant consumed a unique meal, snack, or caloric beverage, we assigned that 

interval a binary ‘1’. This allows us to determine timing of meals and how that, in conjunction 

with the circadian rhythm features, may affect the glucose metabolism. We then took a rolling 

sum of how many times an individual consumed over 2 hours, 8 hours, and 24 hours. We also 

looked at the average amount of times an individual consumed over the 2-hour, 8-hour, and 24-

hour rolling windows. 

7.3.4 Analysis of Features 

In order to determine potential importance of features in predicting glucose levels, we 

performed Pearson correlations between each of the engineered features and glucose at each of 

the 5-minute intervals of data. We further analyzed the Pearson correlations between features and 

glucose at ‘low’ and ‘high’ glucose, as determined by our rolling, personalized baseline that is 

described in the next section. 

In order to determine important features for predicting glucose, we trained a random 

forest regression model (1000 trees) with leave-one-person-out cross validation and averaged 

impurity-based feature importances for each fold of our leave-one-person out validation to 

determine the most important features across participants. 

Features were aggregated together into the following categories: ‘food’, ‘circadian 

rhythm’, ‘stress’, ‘activity’, ‘temperature’, ‘heart rate’, ‘electrodermal activity’, ‘gender’, 

‘HbA1c’, and ‘personalization’. They were further categorized by the source of the data: ‘food 

log’, ‘wearable’, ‘user input’, and ‘model’. We also divided the features into categories based on 

how the feature engineering was performed: ‘data-driven’, ‘domain-driven’, and ‘other’. Feature 

importances across these categories were aggregated by averaging the importance across each 
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fold in our leave-one-person-out cross validated random forest regression model. We determined 

the percent importance of each of these feature categories out of the total feature importance; 

thus, we report importance as a percent when evaluating the features. 

7.3.5 Determining Personalized Definitions of Interstitial Glucose Excursions for Detecting 

Intraindividual Excursions 

The traditional definitions of glucose values that are ‘too high/low’, or hyperglycemia 

and hypoglycemia, have been defined from populations of people with diabetes51,261,283,338–341. 

Thus, we wanted to re-define this and create personalized “high” and “low” glucose thresholds 

for each participant at each point in time. We defined these as “PersHigh” and “PersLow”. Thus, 

we developed a rolling window approach: for a glucose value to be classified as PersHigh, it had 

to exceed one standard deviation above the mean for the last 24 hours. To be considered 

PersLow, the value had to be below one standard deviation below the mean for the last 24 hours.   

7.3.6 Glucose Excursion Classification 

We developed two binary classification categories: PersHigh/PersNormal glucose and 

PersLow/PersNormal glucose. These definitions were determined based on a personalized, rolling 

baseline as described in the above section. Our dataset was highly imbalanced, so we developed a 

propensity balancing algorithm that, for each participant, matched a PersHigh value or PersLow 

glucose value with a PersNormal glucose value to balance the high/normal or low/normal glucose 

dataset, respectively. Because circadian rhythm has a significant impact on glucose, we matched 

the time of day of the PersHigh or PersLow glucose value with a PersNormal glucose value taken 

nearest to that matched time of day over the entire participant’s data. Thus, our dataset is 

balanced on both the outcome class and on the time of day, to account for circadian rhythm 

effects on glucose. Out of the entire dataset, 2680 PersLow glucose data points were matched 
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with 2680 PersNormal glucose data points using our propensity balancing algorithm for a total of 

5360 5-minute intervals of data in the PersLow/PersNormal classification dataset. Out of the 

entire dataset, 2993 PersHigh glucose data points were matched with 2993 PersNormal glucose 

data points using our propensity balancing algorithm for a total of 5986 5-minute intervals in the 

PersHigh/PersNormal classification dataset.  

Our model was implemented in a repeated stratified k-fold cross validation schema with 

10 splits and 3 repeats. Within each fold, we implemented recursive feature selection to select the 

10 most important features, which were used to train the model. We iterated through several 

estimator methods to determine the optimal method for the recursive feature elimination, 

including logistic regression, perceptron, decision tree, random forest, and gradient boosting 

classifier (Supplementary Figure 13). We utilized the estimator that resulted in the highest 

accuracy for our final model, the decision tree estimator. Finally, for each fold, using the features 

selected with the recursive feature elimination, we trained a decision tree classifier.  

In addition to the primary, cross-validated model, we explored a traditional, 70/30 

train/test split decision tree classifier model and a logistic regression model.  

We evaluated our model using accuracy, precision, recall, f1 score, and ROC-AUC at each fold in 

the cross validation and report the mean and standard deviation of each metric. We also examined 

the amount of variance explained by the model by reporting R-squared.  

In addition to the binary classifiers, we developed a multi-class model to classify between 

PersNormal, PersHigh, and PersLow interstitial glucose. We used the same model 
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implementation as described above and evaluated our model using balanced accuracy, precision, 

recall, and weighted f1 score (for multi-class classification) in addition to reporting R-squared. 

7.3.7 Glucose Prediction 

Using the same features derived above in our feature engineering, we developed 

predictive models for predicting interstitial glucose from noninvasive wearables and food diary 

data. We developed both a population model with leave-one-person-out cross validation 

(LOPOCV) and a personalized model trained and tested on each participant’s own data. We 

utilized a dataset of over 25,000 glucose measurements and 25,000 5-minute intervals of smart 

watch data measured over 8-10 days across 16 participants. There were an average of 1500 

glucose measurements per participant. 

We developed a regression gradient boosting decision-tree-based model using xgboost342 

and used tuned hyperparameters for all models (maximum depth=6, number of estimators=100, 

learning rate = 0.1). The prediction target of our models was interstitial glucose at every 5-minute 

interval. The model was trained using the 69 engineered features and feature selection (cutoff = 

0.005) was performed with a random forest regression model (1000 trees) using impurity-based 

feature importances for each fold of our leave-one-person out validation. Feature importance was 

taken at each fold in our LOPOCV model and averaged to determine the most important features 

in predicting glucose.  

For the population, LOPOCV model, we iterated over each participant (fold), using all 

other participants as the ‘training set’ and using each participant as the ‘test set’. For the 
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personalized model, we trained on the first contiguous half (50%) of the participant’s data and 

tested on the remaining half of the participant’s data.  

Models were evaluated using root mean squared error (RMSE), mean average percent 

error (MAPE), and accuracy (100-MAPE). We report the mean and standard deviation of these 

evaluation metrics.   

7.3.8 Comparing Prediction of Glucose with a Population Approach to a Personalized 

Approach 

Using the same models developed above, we compared the population model against the 

personalized model to determine the optimal method at each amount of personalized model 

training data duration.  

For the personalized model, we trained on the first contiguous n percent of the 

participant’s data and tested on the remaining 100-n percent of the participant’s data (Figure 26). 

For the traditional population approach, we performed leave-one-person-out cross validation 

(LOPOCV) and tested the model on 100-n percent of the left-out participant’s data. For each 

model, we iterated through n={5, 7.5, 10, 20, 30, 40, 50, 60, 70, 80, 90}, where n is the percent of 

the participant’s contiguous data from time t=0 to X used in developing the personalized model 

and 100-n is the test dataset, from time t=X to t=T used for evaluating both models for each 

participant. Here, T=total monitoring duration and X=(n/100)*T   This can be approximately 

broken down into hours: n={12, 18, 24, 48, 72, 96, 120, 144, 168, 192, 216} hours (Figure 26). 

Models were evaluated using root mean squared error (RMSE), mean average percent error 

(MAPE), and accuracy (100-MAPE). 
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Figure 26. Example of training and test datasets for personalized model.  

Original data is shown in blue, training data is highlighted in grey; X and T are marked. 

Predictions from this personalized model are shown in magenta. 

 

7.4 Results 

7.4.1 Developing Personalized Definitions of Interstitial Glucose Excursions for Detecting 

Intraindividual Excursions 

Previous definitions of glucose excursions, ‘hyperglycemia’ (glucose that is too high) and 

‘hypoglycemia’ (glucose that is too low) have been widely cited in literature pertaining to T1D 

and T2D5,42,44,51,280–283; however, these definitions were developed for diabetes management283 and 

may not be adequate to explain glucose excursions in individuals with prediabetes and normal 

HbA1c due to lower fasting glucose levels and lower glucose variability than in those with 

diabetes. Furthermore, the glycemic baseline has been demonstrated to be highly personalized 

284,285. Thus, we developed three personalized and dynamic designations to categorize each 

interstitial glucose measurement to indicate the presence and absence of personalized glucose 



 

156 

 

excursions. We denote these categories as PersHigh, PersLow, and PersNormal, which 

correspond to an interstitial glucose measurement that is greater than, less than, or within one 

standard deviation of the 24-hour personalized mean, respectively. These personalized and time-

varying calculations account for circadian, intra-, and inter-day variability (Figure 27a). Each of 

the three categories are approximately normally distributed (PersNorm Kolmogorov-Smirnov 

Normality Test (KS) Statistic=0.03 (Figure 27c); PersHigh KS Statistic=0.05 (Figure 27d); 

PersLow KS Statistic=0.04) (Figure 27e, Table 9). The PersHigh distribution is skewed 

moderately right and is leptokurtic, with more data located at the tails of the distribution rather 

than around the mean (Figure 27d, Table 9). PersLow is skewed slightly left and is mesokurtic, 

with a distribution moderate in breadth and approximately normally distributed (Figure 27e, 

Table 9).  The wider distribution for PersHigh compared to PersLow likely reflects the fact that 

there is a wider range of possible hyperglycemic values than hypoglycemic values in our 

population. Interestingly, there is an overlap in all three distributions between interstitial glucose 

values of 66-164 mg/dL (Figure 27b), supporting the idea that what may be considered a normal 

measurement for one person may actually be a low or high measurement for another person, 

which also points to the inadequacy of population-level thresholds.    

Table 9. Summary Metrics of distributions of each personalized glucose definition. 

Glucose 

Class 

Mean 

(mg/dL) 

Standard 

Deviation(mg/dL) 

Range 

(mg/dL) 

Skewness  Kurtosis  

PersNorm 112.4 14.5 66.0 - 164.0 0.12 -0.10 

PersHigh 149.9 24.4 93.0 - 260.0 0.75 0.93 

PersLow 90.8 11.1 46.0 - 120.0 -0.32 0.17 
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Figure 27. Distributions of each of the glucose classifications.  

Glucose excursions are classified on a personalized, rolling basis examining the previous 

24 hours of each participant’s historical data. (a) Boxplots of PersNorm, PersHigh, and PersLow 

for each participant in the dataset. (b) Histogram of all distributions over all participants. (b) 

PersNormal distribution. (c) PersHigh distribution. (d) PerLow distribution. 
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7.4.2 Feature Exploration 

We developed a total of 69 features using a combination of data-driven and domain-

driven feature engineering. We evaluated the features’ usefulness in glucose predictions through 

Pearson correlations and impurity-based importances in a random forest regression model 

validated with leave-one-person-out cross validation.  

We examined Pearson correlations between each feature and glucose across three classes 

of glucose that were determined on a personalized, rolling basis that takes into account the 

previous 24 hours of each participant’s historical data: ‘normal’ glucose, ‘high’ glucose, and 

‘low’ glucose (Figure 28, Supplementary Figure 14, Appendix B). We found that electrodermal 

activity features were negatively correlated with glucose and these correlations were higher at 

normal and low glucose levels. Interestingly, heart rate features were positively correlated with 

high glucose and negatively correlated with normal and low glucose levels. For most skin 

temperature features, we saw positive correlations. Correlations between glucose and skin 

temperature were higher at low glucose levels than at normal or high glucose levels. Mean 

accelerometry was positively correlated with glucose at all glucose levels, but the correlation was 

higher at high glucose levels. Accelerometry standard deviation and maximum were negatively 

correlated with glucose at normal and low glucose levels. Minimum accelerometry was positively 

correlated with glucose at normal and low glucose levels. Quartile 1 of accelerometry was 

positively correlated at all glucose levels. Gender was defined as “1=females; 2=males”: gender 

is positively correlated with glucose at all glucose levels, indicating that males have higher 

glucose values than females across all glucose levels. HbA1c is positively correlated with glucose 

at all levels but is more correlated at normal and high glucose levels (Figure 28). 
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Stress features derived from electrodermal activity (including Peak EDA, sum of Peak 

EDA over 2 hours, and the mean of Peak EDA over 2 hours) were negatively correlated with 

glucose at all levels, but were more correlated at normal and low glucose levels. Mean, median, 

and maximum heart rate variability (HRV) were positively correlated at normal and low glucose 

and negatively correlated with glucose at high glucose levels. Minimum HRV was positively 

correlated with glucose at all levels, but much more correlated at low glucose levels. HRV 

metrics SDNN, pNN50%, and RMSSD were negatively correlated at all glucose levels. The HRV 

metric NN50 was positively correlated with glucose at low and normal glucose levels and 

negatively correlated with glucose at high glucose levels (Figure 29a).  

With few exceptions, all diet features were positively correlated with glucose at all 

glucose levels. Exceptions included negative correlations at low glucose levels for protein at 8 

hours and 24 hours. Whether a person was eating at the time of measurement had minimal 

correlations with glucose at any level. Most significant correlations at all glucose levels include 

sugar over 24 hours, how many times food was consumed over the previous 24 hours, and the 

average amount of meals consumed over the previous 24 hours. For most of the diet metrics, the 

highest correlations were at high glucose levels (Figure 29b).  
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Figure 28. Pearson correlation comparisons across glucose classes for data-driven features. 

(a) Pearson correlations between electrodermal activity features and glucose. (b) Pearson 

correlations between heart rate features and glucose. (c) Pearson correlations between skin 

temperature features and glucose. (d) Pearson correlations between accelerometry features and 

glucose. (e) Pearson correlations between demographic features and glucose. PersNormal glucose 

is shown in grey, PersHigh glucose is shown in plum, and PersLow glucose is shown in teal. 
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Figure 29. Pearson correlation comparisons across glucose classes for domain-driven 

features.  

(a) Pearson correlations between features of stress and glucose. (b) Pearson correlations between 

features of diet/nutrition and glucose. (c) Pearson correlations between features of circadian 

rhythm and glucose. (d) Pearson correlations between features of exercise/activity and glucose. 

PersNormal glucose is shown in grey, PersHigh glucose is shown in plum, and PersLow glucose 

is shown in teal. 
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All circadian rhythm features, including wake time and time from midnight (both minutes 

and hours) were negatively correlated with glucose at all glucose levels. The highest correlations 

occurred at low glucose levels (Figure 29c).  

Exercise features including maximum ACC over 2 hours, activity bouts, and activity over 

the past 1 hour were positively correlated with glucose at high glucose levels and negatively 

correlated with glucose at normal and low glucose levels. Mean ACC over 2 hours and activity 

over the past 24 hours was positively correlated with glucose over all levels (Figure 29d).  

 

Figure 30. Importance of 69 domain-driven and data-driven features in glucose predictions. 

Importance was determined from a random forest feature selection model using impurity-based 

features. The outer circle shows relative percent of importance for the categories food, circadian 

rhythm, activity, stress, gender, clinical metrics, personalization, electrodermal activity, heart 

rate, and skin temperature. The inner circle shows relative importance by source of features, 

including food logs, the wrist-worn wearable, user-defined features, and features defined for/by 

the model. 
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We then trained a random forest regression model validated with leave-one-person-out 

cross validation to determine impurity-based importances of each feature in predicting overall 

glucose (importances averaged across each fold). Of the feature categories, ‘food’ had the highest 

model importance with an average 37.0%, followed closely by activity (17.0%), circadian rhythm 

(10.6%), and stress (8.2%). Of the feature importances, 49.3% were derived from a wearable, 

37.0% were sourced from the food log, 10.8% were user input (including gender and HbA1c), 

and 2.9% were resulting from the model (personalization). In terms of how the features were 

engineered, 66.8% of feature importances were domain-driven, 19.5% were data-driven, and 

13.7% were neither (not engineered) (Figure 30).  

The fifteen most important features in the model included time from midnight (minutes) 

[circadian rhythm], sugar intake over the previous 2, 8, and 24 hours [diet], HbA1c 

[demographics], carbohydrates over the previous 2 and 24 hours [diet], gender [demographics], 

activity over the previous 24 hours [exercise], the mean and max ACC over the previous 2 hours 

[exercise], wake time [circadian rhythm], personalization, peak EDA over the previous 2 hours 

[stress], and protein over the previous 24 hours [diet] (Figure 31). 
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Figure 31. Bar plot of importance of 69 domain-driven and data-driven features in glucose 

predictions.  

Importance was determined from a random forest feature selection model using impurity-based 

features. 

 

7.4.3 Glucose Excursion Classification 

We built classification models that could be used to inform patients with prediabetes 

when they may be experiencing a glucose excursion and allow them to better understand and 

correct their lifestyle habits in management of their prediabetes. Using our personalized 

definitions of interstitial glucose excursions for detecting intraindividual excursions, we 

developed two classification categories to categorize between normal glucose and glucose 

excursions: PersHigh/PersNormal glucose and PersLow/PersNormal glucose, where each 

category is determined on a personalized, rolling basis that takes into account the previous 24 

hours of each participant’s historical data, as described in the results above.  

Using variables from noninvasive systems (wearable and food log) as inputs, we built 

classification models with the goal of detecting when interstitial glucose was outside of the 
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personal norm, as determined on a personalized, rolling basis from CGM measurements. For 

many patients with prediabetes, simply understanding what behaviors trigger high or low glucose 

excursions would greatly improve disease management. Using our definitions of interstitial 

glucose excursions for detecting intraindividual excursions, we developed a multi-class model to 

classify between PersLow, PersHigh, and PersNormal interstitial glucose using a class-balanced 

dataset (N=8666).  The decision tree classifier with repeated stratified k-fold cross validation 

achieved accuracy of 84.3+/-0.013% (recall=84.3+/-0.013%; precision=84.5+/-0.013%; weighted 

F1 score=84.3+/-0.013%; R2=0.505+/-0.050). We repeated this modeling goal using a 70/30 

train/test (TT) split. The decision tree classifier using the 70/30 TT split achieved 82.0% accuracy 

(recall=82.0%; precision=82.3%; F1 score=82.1%; R2 = 0.46). The confusion matrix for the 

decision tree classifier using the 70/30 TT split is shown in Figure 32. Figure 32 shows 

marginally higher class-accuracy for PersHigh glucose (82.6%) than PersNorm (81.3%) and 

PersLow (82.1%). The decision tree models both outperformed logistic regression 

(accuracy=52.0%; recall=52.0%; precision=52.3%; F1 score=52.0%; R2=-0.681). 

 

Figure 32. Confusion Matrix: Multiclass Model 

Confusion Matrix for multiclass decision tree model validated with a 70/30 train/test 

split. In this model, the class-accuracy for PersHigh glucose is 82.6%, the class accuracy for 

PersNorm is 81.3%, and the class accuracy of PersLow is 82.1%. 
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To explore the limitations of the multi-class model, we developed binary classification 

models between PersHigh/PersNorm and PersLow/PersNorm. This will allow us to determine 

limitations specific to high glucose excursions and low glucose excursions. This is important to 

consider because our distributions, skew of distributions, range, and standard deviation of our 

PersHigh glucose and PersLow glucose are very different from one another (Table 1).  

We first classified between PersNormal glucose and PersHigh glucose using a class-

balanced dataset (N=5986) in order to determine limitations specific to predicting high glucose 

excursions. We built three classifiers to predict whether a glucose measurement was PersNormal 

or PersHigh using either k-fold cross-validated or trained/tested decision trees or logistic 

regression, and found 91.5%, 89%, and 62% accuracy, respectively. Specifically, the triplicate 

stratified 10-fold cross validated decision tree achieved an accuracy of 91.5 +/- 0.019% 

(recall=90.8+/- 0.026%; precision=92.1+/-0.018%; F1 score=91.4+/- 0.019%; receiver operating 

curve (ROC) area under the curve (AUC)=91.5+/-0.019%; R2=0.66 +/- 0.076). We repeated this 

modeling goal using a 70/30 train/test (TT) split. The decision tree classifier using the 70/30 TT 

split achieved 89.0% accuracy (recall=89.0%; precision=88.8%; F1 score=88.9%; R2 = 0.55. The 

decision trees both outperformed logistic regression (accuracy=62.0%; recall=54.9%; 

precision=64.4%; F1 score=59.3%).  

Next, we classified between PersNormal glucose and PersLow glucose using a class-

balanced dataset (N=5360) in order to determine limitations specific to predicting low glucose 

excursions. We built three classifiers to predict whether a glucose measurement was PersNormal 

or PersLow using either k-fold cross-validated or trained/tested decision trees or logistic 

regression, and found 85%, 81.1%, and 59% accuracy, respectively.  Our decision tree classifier 

model with repeated stratified k-fold cross validation achieved an accuracy of 85.0+/-0.018% 
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over the 10 folds with 3 repeats (recall=83.2+/-0.026%; precision=86.3+/-0.019%; F1 

score=84.7+/-0.019%; ROC AUC=85.0+/-0.018%; R2=0.400+/-0.072) . We also trained a 

decision tree classifier using a traditional 70/30 train/test split and achieved 82.0% accuracy 

(recall=81.1%; precision=83.9%; F1 score=82.5%; R2=0.296). The decision tree classifier 

outperformed the logistic regression classifier (70/30 TT split) (accuracy=59.0%; recall=56.7%; 

precision=60.1%; F1 score=58.3%).  

Our binary classifier classifying between PersHigh and PersNorm glucose exceeded the 

accuracy of the PersLow/PersNorm binary classifier by 6.5% (91.5% and 85.0% accuracy, 

respectively), indicating that there may be more challenges in classifying low glucose excursions 

using noninvasive systems when binary classifiers are used. 

7.4.4 Glucose Prediction 

Prediction of specific values would give additional precision to patients with prediabetes, 

enabling them more information in their disease monitoring and management. Thus, we 

developed a noninvasive proxy for a continuous glucose monitor. In order to predict glucose on 

5-minute intervals, we developed both a gradient-boosted population model validated with 

LOPOCV and a gradient-boosted personalized model, trained and tested on each individual’s 

contiguous data. Our population model validated with LOPOCV had an average RMSE = 21.22 

+/- 4.14 mg/dL and an average MAPE of 14.33 +/- 3.25%. Average accuracy for the population 

model over all participants was 85.67%. Using half of the data for training, the personalized 

model trained and tested on each participant’s data had an average RMSE =   21.10 +/- 4.50 

mg/dL and an average MAPE of 13.26 +/- 3.94%. Average accuracy for the personalized model 

across all participants was 86.74%. Both the personalized model and the traditional population 
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model outperformed the naïve models (mean and median). We compared the population and 

personalized models over personalized training set durations in the next section. 

7.4.5 Glucose Prediction: Population v. Personalized Models 

We compared a personalized model building approach to the typical LOPOCV, 

population model building approach to predict glucose. As hypothesized due to the highly 

personal nature of glucose metabolism and factors that affect blood glucose281,343–345, when the 

personalized model is trained with a sufficient duration of historical training data, c, its 

performance exceeds that of the traditional LOPOCV modeling approach. With sufficient training 

data, the personalized model outperformed the population model by an average of +3.18% 

accuracy (standard deviation=3.01; range 0.1-13.72%) and had a lower root mean squared error 

(mean= -2.99; standard deviation=2.24; range=-0.014 to -9.13 mg/dL). The maximum average 

accuracy achieved by the personalized model was 88.21 +/- 4.34%, as compared to the maximum 

average accuracy of the population model, which was 86.54 +/- 5.49%. Interestingly, there were 

two participants in our cohort who responded better to the population model for all training data 

durations tested, and two participants who responded better to the personalized model for all 

training data durations tested. 
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Figure 33. Average accuracy of model over all participants for the personalized model 

(purple dashed line) and the traditional, LOPOCV model (green solid line).  

The inflection point where the personalized model accuracy exceeds the accuracy of the 

LOPOCV model happens, on average, at ~48 hours of training data. 

 

For this dataset, we found that the crossover point, c, at which the average personalized 

model accuracy exceeded the average traditional LOPOCV model accuracy was at approximately 

48 hours (Figure 33). In other words, if the personalized model was trained with less than 48 

hours of training data, the traditional, population approach performed better on average, but when 

>48 hours of training data was used to train the models, the personalized model outperformed the 

population model (Figure 33). We found that this crossover point varied widely across 

participants (Figure 34, Supplementary Table 20, Appendix B). As shown in Figure 34, Subject A 

required approximately 155 hours of personalized training data to exceed the accuracy of the 

traditional LOPOCV model while Subject B required only approximately 76 hours of 



 

170 

 

personalized training data. The range of crossover  points in this dataset was 0-200+ hours (out of 

tested range 12-216 hours) (Supplementary Table 20, Appendix B) and followed a roughly 

binomial distribution, although due to the low number of participants in the dataset, we are unable 

to make statistically rigorous statements regarding the distribution of c and this is something to be 

researched further in future work.  

 

Figure 34. Average accuracy of model for two participants (A, B) for the personalized 

model (purple dashed line) and the traditional, LOPOCV model (green solid line).  

The inflection point where the personalized model accuracy exceeds the accuracy of the 

LOPOCV model happens at ~155 hours in Subject A and at ~76 hours in Subject B, illustrating 

that the minimum number of hours in the training set is also personalized and should be tuned 

based on participant. 

7.5 Discussion 

The primary objective of this study was to determine whether we can use noninvasive 

wearables combined with food diaries to engineer features that can be used to classify glucose 

excursions and predict glucose. We integrated data-driven and domain-driven feature engineering 

methods to engineer 69 features, and we developed a personalized, rolling baseline to determine 

glucose excursions. We used our engineered features to classify glucose excursions. Finally, we 
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used our engineered features to develop and compare population-level and personalized models 

for glucose prediction.  

7.5.1 Personalized Glucose Baseline 

Definitions of glucose excursions, ‘hyperglycemia’ (glucose that is too high) and 

‘hypoglycemia’ (glucose that is too low) have been widely cited in literature pertaining to T1D 

and T2D5,42,44,51,280–283. Hyperglycemia is traditionally defined as having non-fasted glucose above 

180 mg/dL and hypoglycemia is traditionally defined as having non-fasted glucose below 70 

mg/dL280,283,284. These definitions were developed for diabetes management283. However, these 

may not be adequate to explain glucose excursions in individuals with prediabetes and normal 

HbA1c due to lower fasting glucose levels and lower glucose variability than in those with 

diabetes26,48. There is a lack of prediabetes-specific thresholds for glucose deviations, which 

makes prediabetes monitoring and disease management challenging. Furthermore, the spectrum 

of prediabetes is highly personalized285,346 and personalized thresholds for glucose excursions do 

not currently exist, preventing personalized monitoring. To address this gap, we developed 

personalized definitions of interstitial glucose excursions. Defining glucose excursions on a 

personalized, rolling basis enables us to use a participant’s historical data to better understand 

deviation from each participant’s personalized baseline every 24 hours. This also allows us to 

take into account intraday variability in addition to interday variability. The glycemic baseline has 

been shown to be highly personalized. It is thus important to implement this when modeling 

glucose fluctuations and excursions.  

 As expected, our average PersHigh glucose excursion was lower than the definition for 

hyperglycemia: 149.9 mg/dL compared to 180 mg/dL, respectively. Our average PersLow 
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glucose excursion was higher than the definition for hypoglycemia: 90.8 mg/dL compared to 70 

mg/dL, respectively. Also, as expected, while all of the distributions were approximately normal, 

the PersHigh glucose class was slightly right skewed and the PersLow glucose class was slightly 

left skewed, which accounts for the extreme high and low values that are experienced 

occasionally by some participants. We also noted a high amount of crossover between 

distributions of normal and abnormal glucose, due to the personalized, rolling nature of our 

classification.  

Defining glucose excursions on a personalized, rolling basis enables us to use a 

participant’s historical data to better understand deviation from each participant’s personalized 

baseline every 24 hours. This also allows us to take into account intraday variability in addition to 

interday variability. The glycemic baseline has been shown to be highly personalized; thus, it is 

important to implement this when modeling glucose excursions.  

 

7.5.2 Feature Exploration 

In examining Pearson correlations between glucose and each of the 69 engineered 

features across the three classes (PersNormal, PersHigh, and PersLow), we show interesting 

insights into the factors that impact glucose fluctuations.  

Electrodermal activity, a measure of ANS-mediated effects on sweat gland permeability, 

showed negative correlations with glucose. Thus, increases in electrodermal activity, or activation 

of the ANS, was correlated with decreases in glucose. An alternate explanation for the effects of 

electrodermal activity on glucose is that sudomotor dysfunction, defined as decreased sudomotor 

activity and measured with electrodermal activity and skin temperature, is the earliest clinically 



 

173 

 

detectable stage of autonomic neuropathy58, which has been shown to affect glucose variability9–

12. Thus, electrodermal activity could be an indicator of ANS dysfunction, which is connected to 

poor glycemic health. 

Features of heart rate were positively correlated with glucose at PersHigh glucose levels 

but negatively correlated with glucose at PersLow and PersNormal glucose levels. This means 

that as heart rate rises, at higher glucose levels, glucose also rises but at normal and low glucose 

levels, glucose decreases as heart rate rises. Negative correlation at PersLow and PersNormal 

glucose levels matches previously demonstrated behavior: increases in heart rate are found when 

experiencing low blood glucose levels, or hypoglycemia315. Positive correlation at PersHigh 

glucose levels may be due to activity: blood glucose actually increases for up to 2 hours after 

exercise294,295. Heart rate increases during activity, so it is likely that higher glucose levels see this 

positive correlation. Skin temperature is positively correlated with glucose, which aligns with 

demonstrated literature that, even in healthy participants, colder body temperatures are associated 

with lower blood glucose levels, or hypoglycemia317. In our feature engineering, gender was 

defined as “1=females; 2=males”. Our results showed that gender is positively correlated with 

glucose at all glucose levels, indicating that males have higher glucose values than females across 

all glucose levels, which is consistent with literature: healthy females have a lower glucose 

homeostasis than males286 and have been found to have a lower fasting blood glucose level287. We 

found that HbA1c is positively correlated with glucose at all levels but is more correlated at 

PersNormal and PersHigh glucose levels. Because HbA1c is a measure of average blood glucose 

over the past ~90 days347, we would expect to see this positive correlation between HbA1c and 

glucose. 
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Acute and chronic stress have a demonstrated complicated relationship with blood 

glucose levels300–302. While stress hormones suppress the appetite, thereby lowering blood 

glucose303,304, they also can exacerbate diabetes and lead to chronically higher blood glucose303. 

Acute stress causes an increase in adrenaline, which can suppress appetite and alter meal 

timings305 and acute psychological stress has been shown to delay the return to glucose 

homeostasis after eating a meal300. In our results, we reflected the literature in demonstrating this 

complicated relationship between stress and glucose. Our acute stress features derived from 

electrodermal activity were negatively correlated with glucose; however, measures of heart rate 

variability showed differences in the direction of correlations between PersLow/PersNormal 

glucose and PersHigh glucose levels.  

We demonstrated that, with few exceptions, all diet features were positively correlated 

with glucose at all glucose levels. Exceptions included negative correlations at PersLow glucose 

levels for protein at 8 hours and 24 hours. Whether a person was eating at the time of 

measurement had minimal correlations with glucose at any level. Most significant correlations at 

all glucose levels include sugar over 24 hours, how many times food was consumed over the 

previous 24 hours, and the average amount of meals consumed over the previous 24 hours. For 

most of the diet metrics, the highest correlations were at PersHigh glucose levels; which we 

would expect given that all of the macronutrients, and especially carbohydrates, will cause 

glucose spikes320–328.  

All circadian rhythm features, including wake time and time from midnight (both minutes 

and hours) were negatively correlated with glucose at all glucose levels. The highest correlations 

occurred at PersLow glucose levels; thus, circadian rhythm is most correlative with glucose at 

low glucose levels. It has been previously demonstrated that circadian disruption leads to reduced 
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glucose control in healthy participants309 and elevation of glucose in the evening and late meal 

timing cause disruptions in glucose311,312. Interestingly, glucose was higher in the evenings, which 

may be due to meal timings: we demonstrated that meal timing is also correlated with glucose. 

The effects of exercise on blood glucose are multifaceted: previous literature has shown 

that blood glucose actually increases for up to 2 hours after exercise, but it lowers for the 

following ~24 hours after exercise294,295. We showed that exercise features including maximum 

ACC over 2 hours, activity bouts, and activity over the past 1 hour were positively correlated with 

glucose at high glucose levels and negatively correlated with glucose at PersNormal and PersLow 

glucose levels. Average ACC over the previous 2 hours is positively correlated with glucose at all 

glucose levels. The positive correlation between glucose and acute activity that we see in the 

PersHigh glucose class may indicate that acute exercise, as demonstrated in the literature, 

increases blood glucose after exercise. Surprisingly, in our population, activity over the past 24 

hours was positively correlated with glucose at all glucose levels. From the literature, we would 

expect this to be negatively correlated because exercise lowers blood glucose for the following 

~24 hours after 2 hours post-exercise. This will need to be investigated further.  

After gaining a better understanding of our features with Pearson correlations, we utilized 

a random forest regression model validated with leave-one-person-out cross validation to 

determine impurity-based importances of each feature in predicting overall glucose (importances 

averaged across each fold). Of the feature categories, ‘food’ had the highest model importance 

with an average 37.0%, followed closely by activity (17.0%), circadian rhythm (10.6%), and 

stress (8.2%). Given the breadth of literature described in the introduction, we expected the most 

important features to be related to food, activity, circadian rhythm, and stress. Of the feature 

importances, 49.3% were derived from a wearable, 37.0% were sourced from the food log, 10.8% 
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were user input (including gender and HbA1c), and 2.9% were resulting from the model 

(personalization). This shows the necessity of the multi-modal input using features from both a 

noninvasive wearable and a food diary to predict glucose. In terms of how the features were 

engineered, 66.8% of feature importances were domain-driven, 19.5% were data-driven, and 

13.7% were neither (not engineered). Again, as expected, domain-driven features were the most 

significant features in the model. Of the 15 most important features, circadian rhythm, 

demographics, diet, exercise, and stress were all represented, adding further credence to the 

domain-driven feature engineering that is necessary in digital biomarker development. 

Noninvasive glucose monitoring is a complex challenge, and this finding highlights the necessity 

of having multi-disciplinary teams in digital biomarker discovery research. It is critical to have 

the integration of domain knowledge to enable domain-specific feature engineering. 

 

7.5.3 Glucose Excursion Classification 

Typically, people with diabetes or other glycemic metabolism conditions monitor their 

glucose by measuring their blood sugar level periodically throughout the day with a blood 

glucose meters or continuous glucose monitors, both of which involve an invasive needle and are 

not commonly used by those with prediabetes. In order to manage glucose fluctuations, it is 

essential for patients to understand how their lifestyle habits may influence their blood glucose 

levels so that they can begin to appropriately manage their disease. Innovative, practical strategies 

to improve monitoring and management of glycemic health are desperately needed. One way we 

can improve management of glycemic health is using noninvasive wearables and food logging to 

determine when a participant is experiencing glucose excursions (high glucose or low glucose).  
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Here, we have developed binary classification models with decision trees to classify 

between a) normal glucose and high glucose and b) normal glucose and low glucose. We have 

also developed a multi-class model classifying between PersHigh, PersLow, and PersNormal 

interstitial glucose.  We showed that we could classify between PersNormal and PersHigh 

glucose excursions with 91.5% accuracy, between PersNormal and PersLow glucose excursions 

with 85.0% accuracy, and between all three glucose levels with 84.3% accuracy. Our binary 

model accuracy for PersHigh/PersNormal exceeded the binary model accuracy for 

PersLow/PersNormal. While there may be multiple contributing factors to this difference in 

accuracy, we hypothesize that the high glucose binary model has a higher accuracy due to the fact 

that there was more literature available to inform our feature engineering for the high glucose 

models. This is a common challenge in controlling glucose variability, because the vast majority 

of glycemic research has focused only on hyperglycemia, or high glucose excursions42,51. While 

many patients would greatly benefit from simply knowing what triggers episodes of high glucose, 

it is also important to understand what causes low glucose excursions, particularly for patients 

managing their glycemic variability42. These classification models could be used to inform 

patients with prediabetes when they may be experiencing a glucose excursion and allow them to 

better understand and correct their lifestyle habits in management of their prediabetes. 

 

7.5.4 Glucose Prediction 

An estimation of specific values of interstitial glucose would give additional precision to 

patients with prediabetes, enabling them more information in their disease monitoring and 

management. Displaying exact glucose values to users has been shown to improve logical 
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reasoning and influence their eating and activity behaviors348, which could be directed toward 

improved glucose control. Furthermore, having specific, numeric, goals have been demonstrated 

to increase and maintain motivation349. In order to develop a more specific, numeric user 

experience, we developed a noninvasive proxy for a continuous glucose monitor. We 

demonstrated the feasibility of using gradient boosted regression models to predict glucose at 5-

minute intervals (the same sampling rate as a continuous glucose monitor) using both a 

population-modeling approach and a personalized-modeling approach with average accuracies of 

85.67% and 86.74%, respectively.  

Combined with our abnormal glucose classification models, non-invasive glucose 

prediction could enable patients to understand how their lifestyle habits are influencing their 

blood glucose levels and help them manage their disease. Current blood glucose measurement 

methods, including blood glucose meters and continuous glucose monitors, are invasive and 

cause pain, irritation, and scarring in many patients27. Furthermore, these blood glucose 

measurement methods are not typically prescribed to or used by those with prediabetes. 

Prediabetes may be the most critical time to start understanding and managing glucose 

fluctuations due to the high rate of disease progression to T2D. Non-invasive, accessible methods 

of blood glucose measurement would provide a solution to an urgent need in glycemic health.  

7.5.5 Glucose Prediction: Comparison of Population and Personalized Models 

Our findings show that we can improve upon glucose prediction using a personalized 

approach to predictive modeling given enough historical data from a participant. We also 

demonstrated the existence of a “crossover point” at which the personalized model accuracy 

exceeds the traditional LOPOCV population approach to modeling glucose. The variance in 
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crossover points provides initial evidence that the parameter representing the ‘duration of 

historical training data’ should be personalized through model tuning. Furthermore, this crossover 

point gives an objective measure to evaluate use cases where a population approach may be 

preferred to a personalized approach (i.e. a population approach may be more robust for a new 

user with low amounts of historical data).  

In future work, we recommend expanding upon this study to improve glucose prediction 

using a personalized modeling approach with larger datasets and other machine learning methods. 

With a larger dataset, the integration of deep learning with the personalized approach may further 

increase the efficacy of non-invasively predicting glucose using wearables. Furthermore, we 

recommend examining the optimization of personalized training data duration with larger datasets 

and across a variety of domains in mHealth. 

7.6 Conclusions 

Glycemic health is at an all-time low: in the U.S., one in ten people have diabetes and one 

in three people have prediabetes but 20% of those with diabetes and 90% of those with 

prediabetes are undiagnosed350. Additionally, blood glucose measurement devices are invasive, 

causing patients pain, irritation, and scarring, and are expensive27. These devices are also not 

typically prescribed or used by those with prediabetes. In order to manage glucose fluctuations, it 

is important for patients to understand how their lifestyle habits may influence their blood glucose 

levels so that they can begin to appropriately manage their disease. There is a critical need for 

innovative, practical strategies to improve monitoring and management of glycemic health. In this 

study, we demonstrated the feasibility of using noninvasive and widely accessible methods to 

classify abnormal glucose and predict glucose. We also show robust methods for both data-driven 
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and domain-driven feature engineering from noninvasive wearables. Furthermore, we compared 

population approach machine learning and personalized approach machine learning for the 

prediction of glucose and demonstrated the existence of a “crossover point” at which the 

personalized model accuracy exceeds the traditional population approach to modeling glucose. 
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8. Conclusions 

 

8.1 Summary 

The primary goal of the work presented in this dissertation was to discover putative 

digital biomarkers of glycemic health from non-invasive wearables to demonstrate the feasibility 

of using non-invasive wearables for remote detection and monitoring of glycemic health. Prior 

research had shown that the glycemic metabolism is physiologically linked to the autonomic 

nervous system (ANS)9–12 and that non-invasive wearable sensors may have the capability to 

noninvasively measure metrics of the ANS8,13–16. Building upon these concepts, the focus of this 

dissertation work was on glycemic health digital biomarker development. Digital biomarker 

development is a quickly expanding field facing numerous challenges, including validation and 

optimization of wearable sensor data sampling rate and a lack of standards for wearable sensor 

validation and digital biomarker development7,8. In this dissertation, we addressed these 

challenges in order to develop a platform for developing digital biomarkers of glycemic health.  

 One of the significant challenges facing the field of digital biomarker development is in 

the validation of wearable sensor data. Previously, there were no established best practices and no 

common language to describe the evaluation of devices from which digital biomarkers can be 

developed. In our recently published paper, Verification, Analytical Validation, and Clinical 

Validation (V3): the foundation of determining fit-for-purpose for Biometric Monitoring 

Technologies (BioMeTs)147, we develop a generalized framework for the verification, analytical 

validation, and clinical validation (V3) of biometric monitoring technologies. In Chapter 2 we 

applied this framework to investigate inaccuracies in wearable optical heart rate sensors, which 
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was the first study to systematically explore the accuracy of consumer- and research-grade 

wearables across the full range of skin tones and during activities of daily living. We found 

activity levels, device type, and device to be significant contributors to inaccuracy of the sensors 

but showed that accuracy was not affected by skin tone. Furthermore, in this study, we emphasize 

the importance of performing unbiased evaluation of these devices and provide a framework for 

future BioMeT evaluation studies to utilize.  

In digital biomarker development, data is required to be at high resolution, which has led 

to a ‘data deluge’ with high storage costs of data and high battery power consumption. Thus, best 

practices for the storage and compression of wearable sensor data are critical to minimize storage 

and costs, allowing for the practical application of digital biomarker development. In Chapter 3, 

we determined the optimal sampling rate for optical blood volume pulse and found the optimal 

sampling rate for nearly all heart rate and heart rate variability metrics to be 21-64Hz.  In this 

work, we also presented a framework for determining minimum sampling rate for specific digital 

biomarkers and sensors. We expanded upon this analysis in Chapter 4, where we developed the 

Biosignal Data Compression Toolbox, testing five data compression methods on five different 

wearable sensor data types and determining that the optimal data compression method relies on 

wearable sensor signal characteristics. We also showed that the relationship between compression 

ratio and percent root mean square difference varies by biosignal, which may be dependent on 

signal characteristics, including redundancy and periodic behavior of the biosignals. 

We explored interoperability challenges in the field of digital medicine in our recent 

publication, Digital Medicine Community Perspectives and Challenges: Survey Study (Bent, 

et.al., 2021), and revealed one of the three critical challenges to interoperability in digital 

medicine is standardization and open accessibility to digital medicine methods. In order to 
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address the need for an open source resource to standardize computational biomarker 

development tools, we developed the Digital Biomarker Discovery Pipeline (DBDP) in Chapter 

5. Our framework for developing digital biomarkers is extensible to all aspects of medicine, 

health, and wellness. 

We showed the feasibility of using noninvasive wearables to estimate glucose variability 

metrics and hemoglobin A1c (HbA1c) in Chapter 6 using methods from Appendix A. We 

developed 11 glucose variability estimation models using non-invasive wearables data that 

achieved high accuracy (<10% mean average percent error, MAPE). Our HbA1c estimation 

model using wearables data achieved MAPE of 5.1% on an external data test set. This shows the 

feasibility of using noninvasive wearables for HbA1c estimation, although limitations of our 

study include a narrow HbA1c range, resulting in our models not being significantly different 

from the mean model. Using noninvasive, wrist-worn wearables to estimate glycemic health in 

prediabetes is an approach which could be utilized for remote detection, monitoring, and 

management of prediabetes. Leveraging wearables for non-invasive, remote detection of 

prediabetes could represent a groundbreaking strategy for closing the current diagnostic gap in 

prediabetes, which leaves individuals with unrecognized prediabetes at a high but preventable 

risk for developing type 2 diabetes. 

In the final component of this dissertation, Chapter 7, we demonstrated the viability of 

using noninvasive and widely accessible methods to classify abnormal glucose and predict 

interstitial glucose. In this chapter, using a dataset of 25,000 simultaneous interstitial glucose and 

noninvasive wearable smartwatch measurements, we explored the feasibility of using noninvasive 

and widely accessible methods to continuously detect personalized glucose excursions and 

predict the exact interstitial glucose value in real time with up to 91% and 87% accuracy, 
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respectively. We demonstrated robust methods for both data-driven and domain-driven feature 

engineering from noninvasive wearables, from which we developed 69 features. We utilized these 

putative digital biomarkers in the classification and prediction of glucose for intraday glycemic 

health monitoring and management. Additionally, we compared population-approach machine 

learning and personalized-approach machine learning for the prediction of glucose. The results of 

this chapter provide a proof of concept for real-time wearables data glucose abnormality 

detection. Further expansion of this work would enable noninvasive interstitial glucose estimation 

in real time, allowing patients to engage with their glycemic health and actively monitor their 

progress while employing lifestyle modifications.  

 

8.2 Future Directions 

There are many future applications for the work described in this dissertation. For clarity, 

the future directions will be divided into two sections: digital biomarker development standards, 

validation, and optimization (expanding on Chapter 2-5) and digital biomarkers of glycemic 

health and noninvasive glycemic health monitoring (expanding on Chapters 6-7, Appendix A).  

8.2.1 Digital Biomarker Development Standards, Validation, & Optimization 

There is much work still to be done in the emerging and rapidly expanding field of digital 

biomarkers. It is our hope that the frameworks and toolboxes we have developed in this 

dissertation work will serve as a starting point for developing robust best practices in the field.  

Here, in Chapter 2, we investigated inaccuracies in currently popular research and 

consumer-grade wearables. As these devices and their software changes over time, and as new 

devices are developed, this study will need to be expanded to include new and updated devices 
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and algorithms. Researchers, clinicians, and health consumers must recognize that the 

information derived from different wearables should not be weighted equally for drawing study 

conclusions, combining study results, and making health-related decisions. Best practices for 

drawing study conclusions from these devices still need to be established. Furthermore, we have 

yet to explore establishing best practices for evaluating the usability of devices from a consumer, 

researcher, or clinical perspective. Algorithms that are used to calculate digital biomarkers should 

consider error and measurement quality under various circumstances. Currently, this has yet to be 

incorporated in algorithms for calculating digital biomarkers. Future work should examine the 

development of algorithms that take into account measurement quality. Best practices for digital 

biomarker interpretation that take data quality into account when making healthcare decisions 

need to be agreed upon and established.  

In terms of sampling rate optimization, future studies with more participants and longer 

duration of measurement would be useful for validation of the findings demonstrated in this 

dissertation work. While the study described in Chapter 3 utilized data when participants were at 

rest, future studies that include analysis while a subject is in motion and participating in daily 

activities of living will be necessary to determine the optimal sampling rates to calculate the HR 

and HRV metrics in real world conditions, including during various types and intensities of 

physical activity. Future studies of wrist-worn PPG sensors with original sampling rates >64Hz 

may enable the analysis of the HRV metric pNN50, which appears to require sampling rate 

>64Hz or a different measurement modality to achieve sufficient clinical accuracy.  

By open-sourcing the Biosignal Data Compression Toolbox, described in Chapter 4, we 

expect to cultivate a community where researchers will test and contribute novel data 

compression methods on the data that we have released, further expanding the reach of the 
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current study. Future work will involve developing and testing methods for quantifying signal 

characteristics to determine optimal data compression pipelines for other biosignals. Future 

directions also include combining data compression methods with encryption methods in the 

Biosignal Data Compression Toolbox. Wearables data may be considered personal health 

information (PHI) or PII and there are growing concerns over the level of deidentification that is 

possible for wearables data236; thus, combining encryption and data compression would help to 

mitigate privacy concerns.  

We are currently expanding outreach of the Digital Biomarker Discovery Pipeline with 

further integrations with existing and new platforms, educational materials, and workshops. We 

have integrated the DBDP with other communities, including Open mHealth, MD2K, and 

RAPIDS. We have encouraged the digital biomarker community to contribute code, algorithms, 

and benchmarking datasets to the DBDP and we envision the DBDP becoming a standard for the 

digital biomarker community and an epicenter of digital health collaboration and exploration. 

Future directions for outreach of the DBDP include the recently developed dbdpED program, 

which includes educational materials, tutorials, and workshops for K-12 students.  Future 

directions include the facilitation of verification and validation, digital biomarker development 

best practices, and continued exploration of digital biomarker applications through partnership 

between the DBDP, Open mHealth, the digital medicine professional society (DiMe), and the Big 

Ideas Lab at Duke University.  

The digital biomarker community is rapidly growing, and as we have shown in our recent 

publication, Digital Medicine Community Perspectives and Challenges: Survey Study (Bent, 

et.al., 2021). Future directions for the digital medicine community include addressing and 

implementing solutions to the critical interoperability needs in digital medicine: integration with 
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electronic health records, standard data schemas, and standard and verifiable methods for digital 

medicine research, including digital medicine integration with Fast Healthcare Interoperability 

Resource (FHIR) standards. Establishing best practices for these challenges and employing 

platforms for digital medicine interoperability- including the DBDP- will be essential to 

furthering the field of digital medicine. 

 

8.2.2 Digital Biomarkers of Glycemic Health & Noninvasive Glycemic Health 

Monitoring 

In this dissertation work, we show the feasibility of assessing glycemic health using 

noninvasive wrist-worn wearables. Future work with larger cohorts with a broader range of 

HbA1c values (HbA1c=4.0-14.0%) will be needed in order to continue developing these putative 

digital biomarkers. Further, external validation of the glucose variability models will be necessary 

in follow-up studies. This may include multi-center trials and/or a bring-your-own-device study 

model, where participants can participate from varied locations.  

The proof-of-concept models we developed as part of this dissertation work will need to 

be expanded to improve glucose prediction using a personalized modeling approach with larger 

datasets and other machine learning methods. With a larger dataset, the integration of deep 

learning with the personalized approach may further increase the efficacy of non-invasively 

predicting glucose using wearables. Long-short-term-memory (LSTM) models have shown great 

success in similar applications, including blood glucose forecasting from CGM data351–355, and we 

hypothesize that these models may greatly improve upon the models developed here if enough 

training data was utilized. Based upon a power analysis with power = 0.8, alpha=0.05, effect 

size=.505 (from the R2 of the glucose classification models described in Chapter 7), we need to 
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have a cohort of at least 63 individuals to classify glucose excursions. Based upon a power 

analysis with power = 0.8, alpha=0.05, effect size=.26 (from the R2 of the HbA1c estimation 

model described in Chapter 6), we need to have a cohort of at least 234 individuals to estimate 

HbA1c (note: these estimates may require adjustment based upon using a wider range of HbA1c 

values in the models). 

The wrist-worn wearables utilized in Chapter 6-7 were research-grade devices and 

contain more sensors than many commercial-grade devices (including electrodermal activity and 

skin temperature). Wrist-worn wearables with a similar array of biometric sensors are becoming 

increasingly popular, including the recently released electrodermal activity and skin temperature 

sensors on the Fitbit wrist-worn wearable270. Future work should explore glycemic health 

detection and monitoring using such commercial-grade devices, including devices that may be 

more inexpensive and more accessible. Current smartwatches cost as little as $20136, and the 

methods discussed in this work should be extended to include these devices. This provides an 

opportunity to bring equitable healthcare access to traditionally underserved communities which 

can address socioeconomic and racial disparities that exist in the US healthcare system191. New 

sensors may be added to wrist-worn wearables and these could be added to noninvasive glycemic 

monitoring algorithms in the future. Existing sensors not currently on these wrist-worn wearables 

that could pose useful for glycemic monitoring include gyroscopes for higher precision 

movement monitoring which could be used to determine when a user is eating356–358 and 

microphones to monitor chewing noises359 or joint problems360,361 that may be associated with 

diabetes. These sensors could potentially significantly improve the performance of noninvasive 

glycemic health monitoring and should be explored further. 
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Appendix A: cgmquantify: Python and R packages for 

comprehensive analysis of interstitial glucose and glycemic 

variability from continuous glucose monitor data 

This work was is currently under review with co-authors M. Henriquez and J.P. Dunn.  

A.1 Preface 

Here in Appendix F (Aim 2.1), we developed open-source python and R packages with 

20+ functions with over 25 clinically validated metrics of glucose and glucose variability and 

functions for visualizing longitudinal continuous glucose monitor (CGM) data. 

A.2 Introduction  

Continuous glucose monitoring (CGM) systems provide real-time, dynamic glucose 

information by tracking interstitial glucose values throughout the day. CGMs are commonly used 

in diabetes management, with 1.2 million diabetic patients using a CGM52. CGM use has be 

associated with improved glycemic control in adults with type 1 diabetes280. These devices have 

been used extensively by the T1D community, including in the Open Artificial Pancreas System 

Project (OpenAPS)362, a project developed to create a patient-implemented closed loop system 

between a CGM and an insulin pump.  

CGM data is commonly provided from CGM manufacturers as either raw glucose values 

(in a .csv format) or in summary reports that utilize proprietary methods to plot and summarize 

glucose statistics (e.g. Dexcom Clarity currently shows overall mean glucose, standard deviation 

of glucose, time in range, and hypoglycemia risk and daily minimum, maximum, mean, and 

standard deviation of glucose). Because these algorithms are proprietary, they cannot be properly 

validated by clinical researchers134. Additionally, the provided glucose summaries are extremely 
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limited and do not usually contain any information about an important clinical metric, glycemic 

variability. 

Glycemic variability, also known as glucose variability, is an established risk factor for 

hypoglycemia51 and has been shown to be a risk factor in diabetes complications363. Glucose 

variability can be found in over 6,000 publications indexed in PubMed at the time of this 

publication and is a significant metric in clinical research50. Over 20 metrics of glucose variability 

have been identified, which makes it difficult to examine and compare results across numerous 

research studies analyzing and drawing conclusions about glucose variability.  

There is a need for an open source resource with algorithms that are utilized and 

validated in clinical research studies. This would enable standardized glucose variability metrics 

and the ability to compare findings from studies that utilize different metrics of glucose 

variability. This resource should be available in an open source programming language with a 

low barrier to entry to encourage researchers, clinicians, and patients alike to explore CGM data.  

Previous open-source resources have been implemented in Excel364 and R365,366. There is 

currently no comprehensive resource for CGM data in Python, the third most common 

programming language used globally and the leading language among newcomers367. 

Additionally, previous implementations of open source CGM data analysis have limited metrics 

of glucose variability. Further, these methods are typically developed for a specific purpose and 

are therefore not extensible (e.g. do not have simple functions so users can customize their 

metrics and visualizations). 

We have developed a package written and published in Python under the MIT license and 

a package written and published in R under the MIT license. The packages, both named 

cgmquantify, contain over 20 functions with more than 25 metrics summarizing glucose and 
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glucose variability. There is also includes code for visualizing CGM data in both packages. Both 

packages are available in the Digital Biomarker Discovery Pipeline (DBDP)132, the open source 

software platform for digital biomarker discovery. The python package is available under the 

Python Package Index (PyPI). Source code can be found in the Digital Biomarker Discovery 

Pipeline under cgmquantify. The R package is available in the Comprehensive R Archive 

Network (CRAN) and source code can be found in the Digital Biomarker Discovery Pipeline. 

A.3 Methods 

cgmquantify is a Python package and an R package composed of 20+ functions with over 

25 clinically validated metrics of glucose and glucose variability (Supplementary Table 11, 

Appendix B). Customizable visualizations (Figure 1, Figure 2) are also included as easy to 

implement functions. cgmquantify is version controlled through GitHub and PyPI or CRAN. This 

allows for single-line installation in either language. Source code and an extensive user guide are 

available on GitHub to facilitate ease of use and enable customization based on user needs. Issue 

tracking on GitHub is monitored closely by the Digital Biomarker Discovery Pipeline to allow for 

rapid feedback. Tests are available in GitHub under the tests subdirectory to allow for manual 

testing of all functions.  

A.4 Results  

cgmquantify simplifies the process of calculating metrics and thus allows for easy 

comparison across different research studies that use different metrics summarizing glucose and 

glucose variability. Functions have been developed using equations from clinically validated 

research studies (Supplementary Table 1, Appendix B) so users can compare their results to 

previous findings.  
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We have included import functions to format data for use with the cgmquantify package. 

These functions currently support Dexcom CGM devices, with plans to add additional import 

functions for other CGM manufacturers, including Medtronic and Abbott. Our user guide also 

outlines how one can easily format data to make any data input compatible with the functions in 

cgmquantify. Functions are available for all the commonly studied glucose and glucose 

variability metrics (Supplementary Table 11, Appendix B). Additionally, functions for data 

visualization of the longitudinal CGM data are provided. These visualizations are easily 

customizable. We have also implemented a function that enables LOWESS smoothing over the 

CGM data. 

The cgmquantify package is easily implemented with a one-line installation and an 

extensive user guide in both the python and R languages. Detailed documentation facilitates 

modification of existing code for customization of input and visualizations. This package also has 

the ability to build a community of developers to contribute to the literature in this burgeoning 

field. 

This is a much-needed resource for the community of researchers, clinicians, and patients 

using CGM. Currently, little is understood about the relationships between glucose and glucose 

variability metrics from CGM data and relationships to diseases including but not limited to 

prediabetes, T2D, and severity of symptoms in T1D. As more researchers and clinicians start 

looking to CGM data to answer these questions, the need for a standardized resource in a nearly 

ubiquitous programming language is necessary. As we have seen with the Open APS community, 

analysis of CGM data is not limited to researchers and clinicians but includes patients 

themselves252. By providing this as an open source resource, we hope to encourage patients to 
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interact with their own data, determine personalized insights, and make meaningful contributions 

to the digital health landscape.  

A.5 Code Availability 

The cgmquantify python package is available under the Python Package Index (PyPI). 

The cgmquantify R package is available in the Comprehensive R Archive Network (CRAN) and 

source code can be found at in the Digital Biomarker Discovery Pipeline. We encourage others to 

expand on our ideas and contribute their own glucose and glucose variability metrics to 

cgmquantify. We have documentation for contributing available in our User Guide. 

A.6 Reuse potential  

In the United States, 1/3 of the population has diabetes or prediabetes1. In PubMed, there 

are over 700k research articles indexed on diabetes. Yet, there is no standardized package in the 

most heavily utilized programming language, Python, for analysis of continuous glucose 

monitoring data. This is a much-needed resource for the community of researchers, clinicians, 

and patients using CGM.  

Currently, little is understood about the relationships between glucose and glucose 

variability metrics from CGM data and relationships to diseases including but not limited to 

prediabetes, T2D, and severity of symptoms in T1D. As more researchers and clinicians start 

looking to CGM data to answer these questions, the need for a validated, standardized resource in 

a nearly ubiquitous programming language is necessary. As we have seen with the Open APS 

community, analysis of CGM data is not limited to researchers and clinicians but includes 

patients themselves252. By providing this as an open source resource, we hope to encourage 
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patients to interact with their own data, determine personalized insights, and make meaningful 

contributions to the digital health landscape.  

We anticipate this package being utilized by researchers conducting diabetes and 

prediabetes research. We also anticipate this package being used by both clinicians and patients to 

analyze data from continuous glucose monitors to make health insights. Thus, we have provided 

easy to use functions for metrics and have also provided easy to use visualizations for clinicians 

and patients to easily visualize data over time. Additionally, we have provided source code and an 

extensive user guide on GitHub to facilitate ease of use and enable customization based on user 

needs. Issue tracking on GitHub is monitored closely by the Big Ideas Lab and we encourage 

researchers to request and/or contribute new functions to extend the use of cgmquantify.  

   

 

 

 

 

 

 

Appendix B: Supplementary Materials 

Appendix B contains the Supplementary Figures and Tables referred to in the dissertation work.  
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Supplementary Figure 1. Mean Error in heart rate (bpm) across skin tones and devices at (A) rest and (B) 

during walking activity. Error is calculated as the difference between the ECG and wearable reported heart 

rate at every simultaneous measurement. Fitzpatrick skin tones 1-6 are represented with an approximately 

equal number of participants in each skin tone. Error bars represent the 95% confidence interval. 

 

Supplementary Figure 2. (A) Mean Directional Error in heart rate (bpm) across devices during 

rest (teal), breathing (light blue), typing (green), and activity (orange) shows the relative differences from 

the ECG. The green horizontal line represents no error (no difference from the true measurement of HR 

from ECG). Error bars show the 95% confidence interval. (B) Mean Absolute Error in Heart Rate (bpm) 

across devices during rest (teal), breathing (light blue), typing (green), and activity (orange). This shows the 

true difference in HR from the ECG but does not show the sign of the difference. The green horizontal line 
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represents no error (no difference from the true measurement of HR from ECG). Error bars show the 95% 

confidence interval. 

 

 

Supplementary Figure 3. Error in optical HRV time-domain metrics across skin tones. Standard 

HRV time-domain metrics include: Mean Heart Rate Variability, Minimum Heart Rate Variability, 

Maximum Heart Rate Variability, RMSSD, SDNN, and pNN50.The green vertical line represents no error 

(no difference from the true metric of HRV from the ECG). 
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Supplementary Figure 4. (A) Original Signal, Fixed Lag (B) Lag Correction on Fixed Lag Signal 

(C) Original Signal, Dynamic Lag (B) Attempted Lag Correction on Dynamic Lag Signal; ECG HR is 

shown in red and Wearable HR is shown in black. 

 

 

Supplementary Figure 5. With optimized window length for each participant, device, and 

activity condition: (A) Mean Directional Error in heart rate (bpm) across devices during rest (teal) and 

activity (orange) shows the relative differences from the ECG. The green horizontal line represents no error 

(no difference from the true measurement of HR from ECG). Error bars show the 95% confidence interval. 

(B) Mean Absolute Error in Heart Rate (bpm) across devices during rest (teal) and activity (orange). This 
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shows the true difference in HR from the ECG but does not show the sign of the difference. The green 

horizontal line represents no error (no difference from the true measurement of HR from ECG). Error bars 

show the 95% confidence interval.  

 

 

 

Supplementary Figure 6. Sensitivity analysis on window length for Mean Directional Error (A) 

and Mean Absolute Error (B). Points are individual participants; target shapes are mean values for that 

device over all participants for each condition- rest (teal) and physical activity (orange). (C) and (D) show 

representative plots of the Mean Absolute Error across rolling windows. Red arrows point to the optimal 

rolling window length used in the sensitivity analysis. 
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Supplementary Figure 7. Linear regressions between ECG metric and the difference between 

ECG and PPG of that metric for Mean HR (A), Minimum HR (B), and Maximum HR (C) for each 

sampling rate 6.4-64 Hz (shown in legend and labeled on the plot) 
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Supplementary Figure 8. Traditional Bland Altman plot for SDNN at 64Hz (A), 32Hz (C), and 

21Hz (E). PPG SDNN by ECG SDNN at 64Hz (B), 32Hz (D), and 21Hz (F). 
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Supplementary Figure 9. Linear regressions between ECG metric and the difference between 

ECG and PPG of that metric for Mean HRV (A), Median HRV (B), Minimum HR (C), Maximum HR (D), 

SDNN (E), RMSSD (F), and pNN50 (G) for each sampling rate 6.4-64 Hz (shown in legend and labeled on 

the plot). 
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Supplementary Figure 10. Growth of digital biomarkers research studies indexed in PubMed. 

 

 

Supplementary Figure 11. Comparison of A1c estimation models. Models: American Diabetes 

Association estimated A1c, our model estimating A1c using glucose metrics from CGM (LOOCV, tuned), 

our linear model using Watch data, our model using noninvasive wearable sensors (LOOCV, tuned), our 

model using noninvasive wearable sensors (tested on external test set), and the mean model. 
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Supplementary Figure 12. Bland Altman plots for the WatchRF model: a) validated on the 

external validation cohort; b) validated using LOOCV on the prospective cohort. The mean difference is 

shown with a solid line and limits of agreement are shown with dashed lines. 

 

 

Supplementary Figure 13. Performance of classification models evaluated for recursive feature 

elimination (binary classification model of PersHigh v. PersNormal glucose). 
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Supplementary Figure 14. Stacked Bar Plot of Pearson Correlations of each feature with glucose 

for each of the glucose classes: PersNormal (grey), PersHigh (plum), and PersLow (teal). EDA is 

Electrodermal Activity features, TEMP is skin temperature features, HR is heart rate features, ACC is 

accelerometry features, Stress is features demonstrated to be associated with stress, C.R. is circadian 

rhythm features, Activity is activity/exercise related features, Food is diet related features, and user input is 

demographic features.  
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Supplementary Table 1.  

Glucose and Glucose Variability Metrics 

Metric Description Equation 

interdaySD50,363 Interday standard deviation of 

glucose 

 
Where N = total days, G= glucose value 

interdayCV50 Interday coefficient of variation 

of glucose 

 
intradaySD 

Mean50 

Intraday standard deviation of 

glucose (mean across all days) 
 

intradayCV 

Mean50 

Intraday coefficient of variation 

of glucose (mean across all days) 
 

intradaySD 

Median* 

Intraday standard deviation of 

glucose (median across all days) 
 

intradayCV 

Median* 

Intraday coefficient of variation 

of glucose (median across all 

days)  

intradaySD 

Standard 

Deviation* 

Intraday standard deviation of 

glucose (standard deviation 

across all days)  

intradayCV 

Standard 

Deviation* 

Intraday coefficient of variation 

of glucose (standard deviation 

across all days)  

CONGA24259,363 Continuous overall net glycemic 

action over 24 hours 
 

 

GMI366 Glucose management indicator 

 
HBGI50,363 High Blood Glucose Index 

 

 

 
LBGI50,363 Low Blood Glucose Index 
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ADRR50 Average Daily Risk Range, 

assessment of total daily glucose 

variations within risk space 

 

 
J-index363,368 Measure of both the mean level 

and variability of glycemia 
 

MGE363 Mean of glucose excursions 

(default = 1SD) 
 

 

Where # is set, default is 1 SD 

MGN* Mean of normal glucose (default 

= 1SD) 
 

MODD50,259 Mean of daily differences in 

glucose 

 
TIR42 Time spent in range (minutes), 

default = 1SD 

 
TOR42 Time spent outside range 

(minutes), default = 1SD 

 
POR365 Percent of time spent outside 

range 

 
PIR365 Percent of time spent inside range 

 
eA1c41 Estimated A1c (according to 

American Diabetes Association) 

 
meanG259 Mean glucose over all days 

 
medianG365,366 Median glucose over all days 

 
minG365 Minimum glucose over all days 

 
maxG365 Maximum glucose over all days 

 
Q1G365 First quartile glucose value over 

all days 
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Q3G365 Third quartile glucose value over 

all days 
 

 

Supplementary Table 2. 

An analysis of devices combining cost, device release year, market size, target market, and access to raw 

data during rest and activity (as a percentage of participants) shown in this research study. *The Empatica 

E4 and Biovotion Everion (only on research application on Android) are the only devices that provide raw 

PPG signal to users. The Garmin Vivosmart 3 and Xiaomi Miband provide HR data from their native app. 

Apple Watch 4 and Fitbit Charge 2 require non-native applications to export HR data. 
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Supplementary Table 3. 

Results of literature review of number of devices being used in research studies in PubMed and 

ClinicalTrials.gov. Consumer-grade device release year and software version used for the duration of the 

study are shown for the specific devices used in this study. 

Search Term Number of 

studies in 

PubMed  

Number of studies in 

ClinicalTrials.gov 

Device Release 

Year 

Software 

version (used 

in this study) 

Apple Watch 4 24 5 Fall 2018 5.1.3 

Fitbit Charge 2 61 34 Fall 2016 22.55.2 

Garmin Vivosmart 3  11 3 Spring 2017 5.10 

Xiaomi Miband 3 0 0 Spring 2018 NA 

Empatica E4 7 15  - 

Biovotion Everion 0 3  - 

Apple Watch 68 30   

Fitbit 476 449   

Garmin 108 40   

Miband 1 2   

Xiaomi Miband  0 1   

Empatica 20 22   

Biovotion 4 4   

 

 

 



 

209 

 

 

Supplementary Table 4. Demographic breakdown of participants in the Skin Tone Equity 

Project. Broken down by gender, BMI, Fitzpatrick skin tone (1-6), and von Luschan skin tone (1-36). In 

parentheses are the number of participant results used in the study (53 total), since 3 individuals were 

excluded from results due to having incomplete ECG records. 

Gender          

 

 

Female Male Other       

 32 21 0  

 

 

     

Fitzpatrick Skin Tone          

 1 2 3 4 5 6    

 7 8 10 9 9 10    

          

BMI          

 15-20 20-

25 

25-30 30-

35 

40+     

 13 25 11 3 1     

          

von Luschan Skin Tone           

 0-12 12-

15 

16-18 19-

21 

22-

24 

25-

27 

28-

30 

31-

33 

34-

36 

 

 

 

 

0 

 

8 

 

0 

 

6 

 

8 

 

11  

 

10 

 

5 

 

4 
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Supplementary Table 5.  

Mean Absolute Error in heart rate (bpm) at rest and during activity for all devices. P-values calculated from 

paired, two-sided t-tests. ** indicates significant difference in error between baseline and activity with a 

Bonferroni multiple hypothesis corrected p-value of 0.0042. 

 

 

 

 

 

 

 

Device Absolute 

Error at Rest 

Standard 

Deviation of 

MAE at 

Rest 

Absolute 

Error During 

Activity 

Standard 

Deviation of 

MAE During 

activity 

P-value 

Absolute 

Error  

Apple Watch 4.4 2.7 4.6 3.0 0.59 

Fitbit 7.3 4.2 12.8 6.8 0.0000019** 

Garmin 7.0 5.0 9.8 9.2 0.056 

Miband 10.2 7.3 13.8 6.1 0.0051 

E4 11.3 8.0 12.8 8.5 0.0012** 

Biovotion 16.5 6.4 19.8 5.3 0.38 

Mean 9.45  12.3  

Standard 

Deviation 

4.2  5.0  
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Supplementary Table 6.  

Mean Relative Error in heart rate (bpm) at rest and during activity for all devices. P-values calculated from 

paired, two-sided t-tests. ** indicates significant difference in error between baseline and activity with a 

Bonferroni multiple hypothesis corrected p-value of 0.0042. 

 

 

 

 

 

 

 

Device Directional 

Error at Rest 

Standard 

Deviation of 

MDE at rest 

Directional 

Error During 

Activity 

Standard 

Deviation of 

MDE during 

activity 

P-value 

Directional 

Error  

Apple Watch -0.090 2.8 0.79 2.9 0.21 

Fitbit 0.34 5.3 7.6 10.5 0.000018** 

Garmin -0.85 6.2 5.5 11.3 0.00057** 

Miband -0.064 11.7 7.6 10.3 0.000030** 

E4 -3.9 12.0 6.3 12.4 0.0000043** 

Biovotion -13.6 9.1 18.9 5.6 1.3e-19** 

Mean -3.2  7.8  

Standard 

Deviation 

5.4  6.0  



 

212 

 

 

Supplementary Table 7.  

Missingness at rest and during activity for consumer-grade devices. 

 Mean 

Missingne

ss at Rest 

(% 

missing) 

  

Standard 

Deviation of 

Missingness at 

Rest (% missing) 

Mean 

Missingness 

during 

Activity (% 

missing) 

Standard 

Deviation of 

Missingness 

during activity 

(% missing) 

P-value 

paired t-test 

(activity vs. 

rest, ** 

indicated 

<0.0125) 

Apple Watch 4 2.7 9.0 3.4 23.5 0.840 

Fitbit Charge 2 18.7 12.0 10.4 13.7 0.00226** 

Garmin 

Vivosmart 3 

10.0 20.1 -3.7 24.9 7.47e-07** 

Xiaomi Miband 3 5.9 42.7 -14.2 43.5 6.34e-05** 

 

 

Supplementary Table 8. 

Mean Absolute Error in heart rate (bpm) at rest (A) and during activity (B) for all devices across Fitzpatrick 

skin tones. 

(A) 
 1 2 3 4 5 6 Mean Standard 

Deviation 

Apple 

Watch 

4.7 5.3 5.1 3.6 3.1 4.8 4.4 0.88 

Fitbit 7.2 7.2 7.1 6.8 8.3 7.1 7.3 0.52 

Garmin 6.7 6.0 8.6 5.7 5.6 9.1 7.0 1.5 

Miband 11.7 7.9 8.8 9.5 8.8 14.4 10.2 2.4 

E4 12.8 15.6 10.4 10.7 8.8 10.4 11.5 2.4 

Biovotion 13.8 16.6 15.4 18.1 16.8 18.0 16.5 1.6 

Mean 9.5 9.8 9.2 9.1 8.6 10.6   
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Standard 

Deviation 

3.8 5.0 3.5 5.1 4.6 4.8   

 
(B) 

 1 2 3 4 5 6 Mean Standard 

Deviation 

Apple 

Watch 

5.9 5.3 4.7 3.5 3.5 5.3 4.7 1.0 

Fitbit 12.1 9.9 10.8 14.7 14.0 15.1 12.8 2.2 

Garmin 9.9 9.3 6.2 16.7 7.1 9.6 9.8 3.7 

Miband 13.8 12.1 10.3 20.6 14.5 12.8 14.0 3.5 

E4 12.4 8.4 10.7 14.0 14.6 15.9 12.7 2.8 

Biovotion 18.9 19.4 17.7 18.9 24.0 20.1 19.8 2.2 

Mean 12.2 10.7 10.1 14.7 13.0 13.1   

Standard 

Deviation 

4.3 4.8 4.5 6.0 7.1 5.2   

 

 

Supplementary Table 9.  

Mean Directional Error in heart rate (bpm) at rest (A) and during activity (B) for all devices across 

Fitzpatrick skin tones. 

(A) 

 1 2 3 4 5 6 Mean Standard 

Deviation 

Apple 

Watch 

0.25 0.04 -0.58 0.30 0.28 -0.62 -0.056 0.43 

Fitbit 3.72 1.68 1.23 -1.92 -1.58 -0.24 0.48 2.15 

Garmin -1.03 0.16 -0.60 -0.81 -0.93 -1.83 -0.84 0.65 

Miband 3.43 -3.10 1.60 0.18 -3.47 0.49 -0.15 2.69 

E4 0.44 -7.40 -4.08 -1.52 -5.76 -4.15 -3.74 2.83 

Biovotion -10.0 -14.25 -9.18 -17.05 -14.04 -17.32 -13.64 3.43 

Mean -0.53 -3.81 -1.94 -3.47 -4.25 -3.95   
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Standard 

Deviation 

5.00 6.05 4.08 6.71 5.24 6.75   

 

(B) 

 1 2 3 4 5 6 Mean Standa

rd 

Deviati

on 

Apple 

Watch 

0.57 1.28 1.82 -0.41 0.48 0.88 0.77 0.76 

Fitbit 9.17 3.88 3.06 9.51 11.41 8.69 7.62 3.35 

Garmin 5.49 3.25 2.14 11.35 3.55 7.31 5.52 3.40 

Miband 9.11 9.85 7.55 3.79 5.52 9.59 7.57 2.45 

E4 8.53 6.62 1.87 6.58 11.50 4.18 6.55 3.34 

Biovotion 18.29 18.42 16.37 18.05 22.81 19.6 18.93 2.17 

Mean 8.53 7.21 5.47 8.14 9.21 8.38   

Standard 

Deviation 

5.81 6.24 5.77 6.40 7.96 6.38   

 

Supplementary Table 10.  

Missingness at rest and during activity for consumer-grade devices across skin tones. 

 Mean 

Missingness 

at Rest 

(% missing) 

P-value 

unpaired 

t-test 

(skin 

tone vs. 

other 

skin 

tones) 

Standard 

Deviation of 

Missingness 

at Rest (% 

missing) 

Mean 

Missingness 

during 

Activity (% 

missing) 

P-value 

unpaired 

t-test 

(skin 

tone vs. 

other 

skin 

tones) 

Standard 

Deviation of 

Missingness 

during 

activity (% 

missing) 

Apple Watch 

4 

      

1 3.73 0.753 8.85 10.22 0.624 39.60 

2 -1.36 0.0248 4.01 -1.35 0.206 6.15 

3 6.09 0.166 7.92 15.10 0.243 35.6- 

4 5.07 0.443 9.96 -3.01 0.0541 1.74 

5 2.42 0.941 13.29 4.32 0.902 24.20 
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6 -1.95E-15 0.226 7.10 -4.34 0.0201 1.28 

Fitbit Charge 

2 

      

1 21.00 0.566 10.88 8.51 0.636 10.54 

2 17.30 0.739 12.28 4.80 0.229 13.42 

3 20.45 0.603 11.68 6.26 0.254 11.90 

4 11.34 0.0287 9.40 11.11 0.863 12.58 

5 22.28 0.418 14.55 14.48 0.429 16.75 

6 19.70 0.778 12.64 16.16 0.207 15.54 

Garmin 

Vivosmart 3 

      

1 -1.44 0.0561 14.07 -12.61 0.268 20.82 

2 4.06 0.266 14.47 -6.47 0.559 11.00 

3 15.08 0.229 12.36 4.72 0.250 24.46 

4 9.76 0.963 12.89 -6.94 0.626 20.61 

5 8.42 0.804 20.09 -6.20 0.714 21.45 

6 19.16 0.320 33.42 1.63 0.628 40.20 

Xiaomi 

Miband 3 

      

1 -20.00 0.122 42.57 -32.11 0.0765 22.59 

2 -14.04 0.0762 29.27 -23.42 0.236 16.13 

3 18.36 0.0819 15.44 -4.41 0.404 38.84 

4 16.51 0.487 49.60 -6.69 0.603 46.64 

5 8.64 0.875 57.50 -17.97 0.853 69.81 

6 15.71 0.453 44.77 -7.36 0.605 45.61 
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Supplementary Table 11.  

Mixed Effects Comprehensive and Marginal Model Results of ANOVA and Likelihood Ratio Test 

(interaction model) with Window Length as an effect. 

Mixed Effects Model Mean Directional Error  

p-value (***<0.001, **<0.01, 

*<0.05) 

Mean Absolute Error 

p-value (***<0.001, **<0.01, 

*<0.05) 

Comprehensive Model <2.20e-16*** <2.20e-16*** 

Marginal Model: Skin 

Tone 

0.725 0.0901 

Marginal Model: Window 

Length 

1.07e-05*** 0.00135** 

Marginal Model: 

Condition 

<2.20e-16*** 1.26e-11*** 

Marginal Model: Device 0.0383* <2.20e-16*** 

Interaction Model: Skin 

Tone and Window Length 

(Likelihood ratio test) 

0.673 0.184 

 

 

Supplementary Table 12.  

Bland Altman Analysis Mean Bias and LOA for each sampling rate and each HR/HRV metric. 

Sampling Rate HR/HRV Metric Mean Bias (Mean ± 

SD) 

Upper LOA Lower LOA 

64Hz Mean HR -3.46 ± 9.52  15.19 -22.11 

64Hz Minimum HR -2.43 ± 4.55 6.49 -11.35 

64Hz Maximum HR -6.61 ± 28.08 48.42 -61.64 

64Hz Mean HRV 20.59 ± 79.48 176.38 -135.19 

64Hz Median HRV 20.16 ± 83.83 184.47 -144.14 

64Hz Maximum HRV 27.62 ± 55.33 136.08 -80.83 

64Hz Minimum HRV 17.39 ± 142.86 297.4 -262.62 

64Hz SDNN -8.46 ± 28.36 47.11 -64.04 

64Hz RMSSD -94.98 ± 102.46 105.85 -295.8 

64Hz pnn50% -27.58 ± 22.6 16.71 -71.87 
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32Hz Mean HR 4.09 ± 5.01 13.91 -5.73 

32Hz Minimum HR 0.33 ± 6.4 12.87 -12.2 

32Hz Maximum HR 9.45 ± 13.59 36.08 -17.18 

32Hz Mean HRV -43.35 ± 59.1 72.49 -159.19 

32Hz Median HRV -42.89 ± 61.69 78.03 -163.8 

32Hz Maximum HRV -12.67 ± 87.52 158.87 -184.2 

32Hz Minimum HRV -69.17 ± 81.4 90.37 -228.7 

32Hz SDNN 3.33 ± 27.2 56.65 -49.99 

32Hz RMSSD -103.87 ± 115.15 121.83 -329.58 

 

32Hz pnn50% -38.77 ± 20.6 1.6 -79.14 

     

21Hz Mean HR 10.78 ± 9.71 29.82 -8.26 

21Hz Minimum HR 7.18 ± 11.19 29.13 -14.76 

21Hz Maximum HR 17.39 ± 14.35 45.53 -10.74 

21Hz Mean HRV -125.94 ± 124.31 117.70 -369.59 

21Hz Median HRV -123.81 ± 125.65 122.46 -370.07 

21Hz Maximum HRV -126.08 ± 192.09 250.41 -502.56 

21Hz Minimum HRV -137.72 ± 87.75 34.27 -309.72 

21Hz SDNN -4.63 ± 37.07 68.03 -77.29 

21Hz RMSSD -178.16 ± 175.82 166.45 -522.76 

21Hz pnn50% -37.29 ± 23.83 9.41 -83.99 

     

16Hz Mean HR 25.0 ± 17.31 58.92 -8.92 

16Hz Minimum HR 24.44 ± 17.01 57.78 -8.91 

16Hz Maximum HR 28.5 ± 20.14 67.97 -10.98 

16Hz Mean HRV -384.06 ± 280.75 166.21 -934.33 

16Hz Median HRV -377.52 ± 289.33 189.56 -944.6 

16Hz Maximum HRV -584.92 ± 436.64 270.90 -1440.74 

16Hz Minimum HRV -265.8 ± 165.68 58.93 -590.54 

16Hz SDNN -90.55 ± 93.59 92.88 -273.99 

16Hz RMSSD -522.58 ± 351.35 166.07 -1211.23 

16Hz pnn50% -68.22 ± 19.03 -30.93 -105.51 

     

12.8Hz Mean HR 40.68 ± 19.24 78.39 2.96 

12.8Hz Minimum HR 36.98 ± 16.7 69.72 4.24 

12.8Hz Maximum HR 45.02 ± 24.43 92.89 -2.86 

12.8Hz Mean HRV -899.19 ± 490.71 62.59 -1860.98 

12.8Hz Median HRV -893.59 ± 500.11 86.62 -1873.80 

12.8Hz Maximum HRV -1231.06 ± 655.46 53.65 -2515.76 

12.8Hz Minimum HRV -595.94 ± 361.21 112.04 -1303.91 

12.8Hz SDNN -184.66 ± 121.12 52.74 -422.07 

12.8Hz RMSSD -921.05 ± 408.28 -120.83 -1721.27 

12.8Hz pnn50% -73.34 ± 19.2 -35.7 -110.97 

     

10.67Hz Mean HR 50.51 ± 17.59 84.98 16.05 

10.67Hz Minimum HR 43.65 ± 15.01 73.06 14.24 

10.67Hz Maximum HR 59.87 ± 23.59 106.11 13.63 

10.67Hz Mean HRV -1451.31 ± 567.03 -339.93 -2562.69 

10.67Hz Median HRV -1435.47 ± 564.43 -329.19 -2541.75 

10.67Hz Maximum HRV -1838.42 ± 770.85 -327.55 -3349.29 
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10.67Hz Minimum HRV -1102.14 ± 466.76 -187.29 -2016.98 

10.67Hz SDNN -211.75 ± 140.43 63.5 -487.0 

10.67Hz RMSSD -1311.63 ± 542.55 -248.24 -2375.02 

10.67Hz pnn50% -74.74 ± 18.09 -39.28 -110.19 

     

9.14Hz Mean HR 56.0 ± 14.97 85.34 26.65 

9.14Hz Minimum HR 47.56 ± 11.51 70.12 25.01 

9.14Hz Maximum HR 67.71 ± 22.38 111.57 23.84 

9.14Hz Mean HRV -1923.9 ± 550.88 -844.17 -3003.62 

9.14Hz Median HRV -1922.7 ± 550.06 -844.57 -3000.82 

9.14Hz Maximum HRV -2280.77 ± 651.42 -1003.99 -3557.55 

9.14Hz Minimum HRV -1559.62 ± 480.06 -618.69 -2500.55 

9.14Hz SDNN -207.88 ± 121.89 31.02 -446.78 

9.14Hz RMSSD -1569.86 ± 560.38 -471.51 -2668.21 

9.14Hz pnn50% -76.56 ± 15.66 -45.87 -107.26 

     

8Hz Mean HR 59.5 ± 14.04 87.02 31.99 

8Hz Minimum HR 50.25 ± 11.0 71.82 28.69 

8Hz Maximum HR 72.41 ± 21.51 114.57 30.26 

8Hz Mean HRV -2390.23 ± 616.09 -1182.70 -3597.77 

8Hz Median HRV -2395.39 ± 609.97 -1199.86 -3590.92 

8Hz Maximum HRV -2789.91 ± 745.41 -1328.91 -4250.91 

8Hz Minimum HRV -2017.97 ± 590.56 -860.47 -3175.46 

8Hz SDNN -239.42 ± 140.42 35.8 -514.64 

8Hz RMSSD -1869.55 ± 676.15 -544.29 -3194.8 

8Hz pnn50% -76.69 ± 16.1 -45.13 -108.24 

     

7.1Hz Mean HR 61.93 ± 12.68 86.78 37.07 

7.1Hz Minimum HR 52.11 ± 9.96 71.63 32.59 

7.1Hz Maximum HR 75.32 ± 20.3 115.10 35.54 

7.1Hz Mean HRV -2801.9 ± 630.87 -1565.40 -4038.40 

7.1Hz Median HRV -2796.02 ± 609.53 -1601.34 -3990.69 

7.1Hz Maximum HRV -3248.52 ± 806.85 -1667.10 -4829.94 

7.1Hz Minimum HRV -2343.04 ± 616.79 -1134.14 -3551.94 

7.1Hz SDNN -272.26 ± 156.18 33.85 -578.37 

7.1Hz RMSSD -2115.48 ± 758.26 -629.30 -3601.67 

7.1Hz pnn50% -77.36 ± 15.55 -46.87 -107.84 

     

6.4Hz Mean HR 64.15 ± 12.56 88.77 39.53 

6.4Hz Minimum HR 53.85 ± 9.99 73.44 34.26 

6.4Hz Maximum HR 78.51 ± 19.82 117.36 39.66 

6.4Hz Mean HRV -3327.1 ± 723.4 -1909.23 -4744.97 

6.4Hz Median HRV -3330.72 ± 794.75 -1773.0 -4888.43 

6.4Hz Maximum HRV -3792.86 ± 949.17 -1932.50 -5653.23 

6.4Hz Minimum HRV -2855.17 ± 599.44 -1680.28 -4030.07 

6.4Hz SDNN -320.27 98.46 -739.01 

6.4Hz RMSSD -2460.55 ± 773.11 -945.24 -3975.85 

6.4Hz pnn50% -76.56 ± 16.1 -45.0 -108.12 
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Supplementary Table 13.  

Demographics of Study Participants 

Characteristic  Number of Participants 

Prospective Cohort 

Number of Participants 

Retrospective Cohort 

Sex    

 Male 

 

8 5 

 Female 8 5 

Age, years 

 

   

 0-34  

 

0 0 

 35-39 

 

0 1 

 40-49 

 

1 2 

 50-59 

 

11 3 

 60-69 

 

4 4 

 70+ 0 0 

Race 

 

   

 White/Caucasian 

 

11 6 

 Black/African American 

 

4 4 

 Biracial 

 

1 0 

 Other 0 0 
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Supplementary Table 14.  

Wearable Sensor Variability Metrics (each metric in this table was calculated for each wearable sensor) 

Metric Description Equation 

interday 

SD 

Interday standard deviation  

 
Where N = total days, S= sensor value 

interday 

CV 

Interday coefficient of variation  

 
intradaySD 

Mean 

Intraday standard deviation (mean 

across all days) 
 

intradayCV 

Mean 

Intraday coefficient of variation (mean 

across all days) 
 

intradaySD 

Median 

Intraday standard deviation (median 

across all days) 
 

intradayCV 

Median 

Intraday coefficient of variation 

(median across all days) 
 

intradaySD 

Standard 

Deviation 

Intraday standard deviation (standard 

deviation across all days) 
 

intradayCV 

Standard 

Deviation 

Intraday coefficient of variation 

(standard deviation across all days) 
 

MASE Mean amplitude of sensor excursions 

(default = 1SD) 
 

 

Where # is set, default is 1 SD 

TIR Time spent in range (minutes), default 

= 1SD 

 
TOR Time spent outside range (minutes), 

default = 1SD 

 
POR Percent of time spent outside range 
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interday 

mean 

Mean over all days 

 
interday 

median 

Median over all days 

 
interday 

minimum 

Minimum over all days 

 
interday 

maximum 

Maximum over all days 

 
interday 

Q1 

First quartile over all days 

 
interday 

Q3 

Third quartile over all days 

 
Mean of 

intraday 

mean 

Intraday Mean (mean across all days) 

 

Median of 

intraday 

mean 

Intraday Mean (median across all days) 

 

Standard 

deviation 

of intraday 

mean 

Intraday Mean (standard deviation 

across all days) 
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Supplementary Table 15.  

Glucose Variability Mean and Median Model Performance Comparison. Higher performance indicates 

lower evaluation metrics (RMSE/MAPE) than the mean and/or median model. 

Model to Estimate: Outperformed 

mean model  

Outperformed 

median model 

Glucose Management Indicator  N N 

Interday Mean Glucose N N 

Interday Median Glucose  Y Y 

Interday Minimum Glucose N Y 

Interday Maximum Glucose N N 

Interday Quartile 1 Glucose Y Y 

Interday Quartile 3 Glucose N Y 

Mean of Glucose Excursions  Y Y 

Interday Standard Deviation N N 

Mean of Intraday Standard Deviation N N 

Standard Deviation of Intraday Standard Deviation N N 

Median of Intraday Standard Deviation Y Y 

Interday Coefficient of Variation N N 

Mean of Intraday Coefficient of Variation N N 

Standard Deviation of Intraday Coefficient of Variation N N 

Median of Intraday Coefficient of Variation Y Y 

J-index Y Y 

Mean of Daily Differences  Y Y 

Percent Outside Range +/- 1 SD  N N 

Percent Inside Range +/- 1 SD Y Y 

Time Outside Range +/- 1 SD  Y Y 

Time Inside Range +/- 1 SD  Y Y 

Average Daily Risk Range  N N 

Continuous overall net glycemic action for 24 hours  N N 

Mean of Normal Glucose  N Y 

Low blood glucose index  N N 

High blood glucose index  N N 
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Supplementary Table 16.  

Relative Importance of Wearable Sensors for Each Glucose Variability Model 

Model to Estimate: Skin 

Temperature 

Importance 

(%) 

Electrodermal 

Activity 

Importance (%) 

Accelerometry 

Importance 

(%) 

Heart Rate 

Importance 

(%) 

Glucose Management 

Indicator  

18.5 33.4 18.1 29.8 

Interday Mean Glucose 19.3 32.1 18.1 30.3 

Interday Median Glucose  17.9 36.2 19.5 26.0 

Interday Minimum Glucose 28.3 27.3 19.0 25.2 

Interday Maximum Glucose 23.2 16.2 18.8 40.7 

Interday Quartile 1 Glucose 17.0 35.7 23.6 24.1 

Interday Quartile 3 Glucose 20.3 35.0 16.7 27.9 

Mean of Glucose Excursions  13.2 24.7 10.0 52.0 

Interday Standard Deviation 21.7 27.5 15.3 35.1 

Mean of Intraday Standard 

Deviation 

21.7 39.3 14.1 24.8 

Standard Deviation of 

Intraday Standard Deviation 

14.1 43.2 13.1 29.4 

Median of Intraday Standard 

Deviation 

29.3 28.2 12.0 29.6 

Interday Coefficient of 

Variation 

20.8 20.7 13.4 44.2 

Mean of Intraday Coefficient 

of Variation 

21.7 39.3 14.1 23.8 

Standard Deviation of 

Intraday Coefficient of 

Variation 

14.1 43.2 13.1 29.4 

Median of Intraday 

Coefficient of Variation 

29.3 28.9 12.0 29.6 

J-index 19.3 23.0 11.3 46.4 

Mean of Daily Differences  17.1 20.9 13.8 48.1 

Percent Outside Range +/- 1 

SD  

31.8 37.3 11.0 19.7 

Percent Inside Range +/- 1 30.1 37.8 12.3 19.8 
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SD 

Time Outside Range +/- 1 

SD  

32.5 11.4 25.7 29.7 

Time Inside Range +/- 1 SD  24.9 12.2 26.25 35.6 

Average Daily Risk Range  23.0 27.8 9.1 39.8 

Continuous overall net 

glycemic action for 24 hours  

29.7 17.8 13.6 38.9 

Mean of Normal Glucose  17.7 24.9 20.8 26.3 

Low blood glucose index  11.2 47.2 16.1 25.4 

High blood glucose index  19.2 20.2 9.4 51.1 

 

 

Supplementary Table 17.  

T-tests of statistical differences between models. (* signifies significance by being less than the Bonferroni 

corrected p-value of 0.005.) 

Model 1 Model 2 T-test type p-

value  

ADA CGM LM eA1c 

(external test) 

CGM RF Model (LOOCV) Paired 0.225 

ADA CGM LM eA1c 

(external test) 

Watch RF eA1c (LOOCV) Paired 0.580 

CGM RF Model 

(LOOCV) 

Watch RF eA1c (LOOCV) Paired 0.454 

Watch RF eA1c (external 

test) 

ADA CGM LM eA1c 

(external test) 

two-sided t-test for two 

independent samples 

0.807 

Watch RF eA1c (external 

test) 

CGM RF Model (LOOCV) two-sided t-test for two 

independent samples 

0.640 

Watch RF eA1c (external 

test) 

Watch RF eA1c (LOOCV) two-sided t-test for two 

independent samples 

0.913 

Watch LM eA1c (external 

test) 

ADA CGM LM eA1c 

(external test) 

two-sided t-test for two 

independent samples 

0.112 

Watch LM eA1c (external 

test) 

CGM RF Model (LOOCV) two-sided t-test for two 

independent samples 

0.0472 

Watch LM eA1c (external 

test) 

Watch RF eA1c (LOOCV) two-sided t-test for two 

independent samples 

0.0598 

Watch LM eA1c (external 

test) 

Watch RF eA1c (external 

test) 

Paired 0.0748 

 

Supplementary Table 18.  
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Results of Watch RF eA1c (external validation test) models built using only one sensor: 

accelerometry, heart rate, electrodermal activity, and skin temperature. 

Sensor used in individual 

sensor model 

RMSE on external validation cohort MAPE on external 

validation cohort 

Accelerometry 0.421 6.057% 

Heart Rate 0.338 5.295% 

Electrodermal Activity 0.387 5.557% 

Skin Temperature 0.362 5.830% 

 

 

Supplementary Table 19. 

The 69 data-driven and domain-driven features engineered for glucose prediction and 

classification, the type of feature, the source of the feature, and the calculation/description of the derivation. 

Feature Name Feature Type Source Calculation/Description 

Gender Demographics User-

defined 

N/A 

HbA1c Clinical Metrics User-

defined 

N/A 

EDA_Mean Electrodermal 

Activity 

Wearable 

 
N= number of points in a 5-minute interval unless 

otherwise designated 

EDA_Std Electrodermal 

Activity 

Wearable 

 
EDA_Min Electrodermal 

Activity 

Wearable 

 
EDA_Max Electrodermal 

Activity 

Wearable 

 
EDA_Q1G Electrodermal 

Activity 

Wearable 

 
EDA_Q3G Electrodermal 

Activity 

Wearable 

 
EDA_Skew Electrodermal 

Activity 

Wearable 

 
HR_Mean Heart Rate Wearable 

 
N= number of points in a 5-minute interval 
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HR_Std Heart Rate Wearable 

 
HR_Min Heart Rate Wearable 

 
HR_Max Heart Rate Wearable 

 
HR_Q1G Heart Rate Wearable 

 
HR_Q3G Heart Rate Wearable 

 
HR_Skew Heart Rate Wearable 

 
TEMP_Mean Skin Temperature Wearable 

 
N= number of points in a 5-minute interval 

TEMP _Std Skin Temperature Wearable 

 
TEMP _Min Skin Temperature Wearable 

 
TEMP _Max Skin Temperature Wearable 

 
TEMP _Q1G Skin Temperature Wearable 

 
TEMP _Q3G Skin Temperature Wearable 

 
TEMP _Skew Skin Temperature Wearable 

 
ACC_Mean Accelerometry Wearable 

 
N= number of points in a 5-minute interval 

ACC _Std Accelerometry Wearable 

 
ACC _Min Accelerometry Wearable 

 
ACC _Max Accelerometry Wearable 
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ACC _Q1G Accelerometry Wearable 

 
ACC _Q3G Accelerometry Wearable 

 
ACC _Skew Accelerometry Wearable 

 
PeakEDA Stress Wearable 

 
Peaks defined by rolling peak detection (height=0, 

distance=4, prominence=0.3) 

PeakEDA2hr_sum Stress Wearable 

 
*rolling calculation 

PeakEDA2hr_mean Stress Wearable 

 
maxHRV Stress Wearable 

 
minHRV Stress Wearable 

 
medianHRV Stress Wearable 

 
meanHRV Stress Wearable 

 
SDNN Stress Wearable 

 
of IBI over N interval 

NN50 Stress Wearable 

 
pNN50 Stress Wearable 

 
RMSSD Stress Wearable 

 
calories2hr Diet Food Log 
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*rolling calculation 

protein2hr Diet Food Log 

 
*rolling calculation 

sugar2hr Diet Food Log 

 
*rolling calculation 

carbs2hr Diet Food Log 

 
*rolling calculation 

calories8hr Diet Food Log 

 
*rolling calculation 

protein8hr Diet Food Log 

 
*rolling calculation 

sugar8hr Diet Food Log 

 
*rolling calculation 

carbs8hr Diet Food Log 

 
*rolling calculation 

calories24hr Diet Food Log 

 
*rolling calculation 

protein24hr Diet Food Log 

 
*rolling calculation 
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sugar24hr Diet Food Log 

 
*rolling calculation 

carbs24hr Diet Food Log 

 
*rolling calculation 

Eat Diet Food Log binary: 0 if not eating currently, 1 if currently 

eating 

Eatcnt2hr Diet Food Log 

 
*rolling calculation 

Eatcnt8hr Diet Food Log 

 
*rolling calculation 

Eatcnt24hr Diet Food Log 

 
*rolling calculation 

Eatmean2hr Diet Food Log 

 
* rolling calculation 

Eatmean8hr Diet Food Log 

 
* rolling calculation 

Eatmean24hr Diet Food Log 

 
* rolling calculation 

WakeTime Circadian 

Rhythm 

Wearable 1. One point assigned based on whether 

HR_Mean, HR_Std, ACC_Mean, and 

ACC_Std for each N interval are each less 

than historical average. 

2. If points >2, binary assignment of 1 

3. Data averaged over 3 hours using rolling 

approach 

4. Wake Time assigned when slope of data 

changed and remained consistently higher 

for 25 and 75 minutes after the designated 



 

230 

 

Wake Time 

Minfrommid Circadian 

Rhythm 

Wearable Minutes from midnight 

Hourfrommid Circadian 

Rhythm 

Wearable Hours from midnight 

ACC_mean_2hrs Activity/exercise Wearable 

 
* rolling calculation 

ACC_max_2hrs Activity/exercise Wearable 

 
* rolling calculation 

Activity_bouts Activity/exercise Wearable Binary exercise point designated if both 

ACC_Mean and HR_Mean over N interval were 

greater than historical mean 

Activity24 Activity/exercise Wearable 

 
* rolling calculation 

Activity1hr Activity/exercise Wearable 

 
* rolling calculation 

ID Personalization Model Assigned ID to designate different participants 

 

Supplementary Table 20.  

Crossover points for each participant. The crossover point is the duration of training data required for the 

personalized model accuracy to exceed the population, LOPOCV model. 

ID Crossover Point (hours) 

1 125 

2 >0 (always better) 

3 155 

4 (always worse/inconsistent) 

5 76 

6 144 

7 >0 (always better) 

8 155 

9 60 
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10 12 

11 55 

12 24 

13 80 

14 (always worse/inconsistent) 

15 200 

16 12 
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