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5 ENDOGENOUS CIRCADIAN PHASE ESTIMATION 

USING HEART RATE-DERIVED FEATURES 

EXTRACTED FROM AMBULATORY 

ELECTROCARDIOGRAPHY AND A WRIST-WORN 

OPTICAL HEART RATE SENSOR  
 

Gil EA, Aubert XL, Beersma DGM. (submitted), Endogenous circadian 
phase estimation using heart rate-derived features extracted from 
ambulatory electrocardiography and a novel wrist-worn optical heart 
rate sensor. 
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5.1 ABSTRACT 
Estimating circadian phase in humans based on heart rate-derived features has been 
limited by the impracticalities associated to traditional ambulatory heart rate 
monitors for long-term data recordings. In this study we have collected heart rate 
data using both a one-lead electrode-based heart rate monitor and a wrist-worn 
optical heart rate sensor based on volume-pulse plethysmography. Previously 
developed circadian phase estimation models based on electrocardiograms from 
young adults were tested on comparable electrocardiograms from older adults to 
assess the robustness of the approach. In addition, optical heart rate data were used 
instead of electrocardiograms to determine the feasibility of using this sensor 
modality for circadian phase estimation. The models, when used to estimate the 
circadian phase of older adults, performed with an accuracy of 42 minutes (R = 
0.6161, p = 0.0190) based on traditional electrocardiography heart rate data. 
Evaluating the use of optical heart rate sensor data in the new models yielded an 
accuracy of also 42 minutes (R = 0.6307, p = 0.0173). Current limitations in data 
quality and battery life negatively impact the use of data collected using the optical 
heart rate sensor to train new circadian phase estimation models. However, training 
models using electrocardiogram measurements and applying them on data 
extracted from the wrist-worn optical heart rate sensor results in comparable 
accuracy and performance.  

5.2 INTRODUCTION 
The human circadian clock, from the latin “circa” meaning approximately and 
“diem” meaning day, influences most physiological processes such as body 
temperature, metabolism, sleep/wake cycle, hormone production, and heart rate 
[1–5]. In humans, the master circadian clock is located in the suprachiasmatic nuclei 
(SCN). Given its location in the hypothalamus, it is not possible to safely access and 
measure SCN neuronal activity in humans. As a result, one must rely on signals which 
are known to be closely coupled to the SCN activity. Several of the aforementioned 
signals have been used to determine the state of the circadian clock in relation to 
the solar clock, or circadian phase. The current gold standard of circadian phase 
marker is the dim light melatonin onset (DLMO) [3]; however core body 
temperature (CBT) has also been widely used [1] over the past decades. DLMO has 
become the most accepted method of measuring circadian phase due to being 
susceptible to masking effects only from light exposure [3]. Other signal modalities 
are more prone to masking effects, and therefore require more strict protocols or 
elaborate signal processing techniques. DLMO is determined from saliva or blood 
samples collected hourly over the evening in dim light conditions or over the entire 
night, or urine samples collected throughout the day. The process is invasive, time 
consuming, requires laboratory processing, and restricts the patient’s behavior. As 
a result, mathematical modeling techniques have been developed which rely on 
physiological signals collected non-invasively and in ambulatory conditions. These 
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models are based on light exposure [6], skin temperature [7,8], or heart rate [9,10] 
to determine the circadian phase of a person.  

A signal which is of particular interest due to its ubiquitousness in the medical 
domain and its growing presence in the consumer market is heart rate and heart 
rate variability. These signals are known to be largely influenced by the circadian 
clock.   Stationary electrocardiogram (ECG) monitors and ambulatory Holter 
monitors are standard tools to monitor and diagnose patients both inside and 
outside of the hospital. In addition, current consumer electronic devices targeted at 
fitness and health enthusiasts are being equipped with heart rate monitors based 
on different sensors, with optical heart rate sensors being the most common. 
Mathematical models have been developed to estimate circadian phase using heart 
rate variability and activity levels based on an autoregressive moving average with 
exogenous inputs (ARMAX) model structure [9]. These models have been trained 
and tested on healthy participants wearing Holter ECG monitors. In this study, we 
aim at further testing the performance of the ARMAX models and evaluating the 
feasibility of using a wrist-worn photo-plethysmograph (PPG) for circadian phase 
estimation. 

5.3 MATERIALS AND METHODS 

5.3.1 Participants 
Forty-nine healthy subjects were recruited through an independent recruiting 
agency based on the following inclusion criteria. Participants were between 40 and 
65 years old. They should not suffer from psychological, sleep, cardiovascular, 
neurological, or endocrinological disorders. Participants could not be taking any 
medication which could influence their natural sleeping pattern, or use drugs or 
drink more than 3 units of alcohol per day.  Lastly, participants should not have 
participated in shift work or travelled across more than 2 time-zones in the three 
months prior to the study. Female participants were excluded if pregnant or if breast 
feeding.    

5.3.2 Study protocol 
Potential participants were invited for an intake meeting where they were further 
assessed and screened based on the aforementioned criteria. If the inclusion criteria 
were met, the study protocol was explained and an informed consent form was 
provided. The study was divided into two parts. The first part consisted of 2 weeks 
of ambulatory monitoring while wearing an Actiwatch Spectrum (Philips 
Respironics, Pittsburgh, USA) actigraphy monitor and a Mio Alpha (Mio Global, 
Vancouver, Canada) wrist-worn PPG-based heart rate monitor. The Mio Alpha watch 
is shown in Figure 5.1. The Actiwatch Spectrum was worn throughout the entire 
study. The Mio Alpha is limited by battery life, and therefore two watches were worn 
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each day beginning in the early afternoon until the next morning. Participants also 
kept a sleep diary through the duration of the study.  

 

 

Figure 5.1 Mio Alpha wrist-worn PPG-based heart rate monitor. 

The second part of the study involved two nights at a hotel where the participants 
underwent a polysomnography recording each night using the Alice PDx (Philips 
Respironics, Pittsburgh, USA). Furthermore, an additional Mio Alpha was provided 
in order to obtain a full 40 hour PPG recording. In addition, an Actiwave Cardio 
(CamNtech Ltd., Cambridge UK) ambulatory heart rate monitor was used to ensure 
at least 30 hours of ECG data. In the evening prior to the second PSG recording, five 
hourly saliva samples were collected beginning four hours prior to habitual bedtime 
using the Salivette system (Sarstedt AG & Co., Numbrecht, Germany) in order to 
determine the melatonin profile of the participants. One hour before the first saliva 
sample, participants were set in dim light conditions and wearing LowBlueLights 
(Photonic Developments LLC, Walton Hills, USA) blue light blocking glasses. Figure 
5.2 shows a diagram of the protocol for the second part of the study. The study was 
reviewed and approved by the internal ethical board of Philips Research, Eindhoven.  

 

Figure 5.2  Protocol for the second part of the study. Time intervals shown are not representative of 
the schedule of all participants. On average, the data consisted of 48 hours of actigraphy, 40 hours of 

PPG, 32 hours of ECG, 2 PSG recordings, and 5 saliva samples for melatonin analysis. 

The data collection spanned from January until the end of May, with the change to 
daylight savings time (DST) at the end of March. The data collection was stopped for 
DST and resumed two weeks later. 
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5.3.3 Heart rate and heart rate variability 
Heart rate and heart rate variability (HRV) features were extracted from both the 
ECG and PPG recordings. The time duration between R peaks (RR intervals, RRI) was 
determined from the ECG, while the pulse-to-pulse intervals (PP intervals, PPI) were 
extracted from the PPG. Figure 5.3 shows a difference between the two signals.  

 

Figure 5.3 RR intervals from an ECG compared to the pulse-to-pulse intervals from a PPG signal. Since 
the PPG signal is mechanical signal while the ECG is electrical, there is a delay in the measurement of 

the pulse in the PPG as it reaches the sensor location at the wrist. 

The ECG was collected at a sampling rate of at least 256Hz using the Alice PDx PSG 
system and the Actiwave Cardio. The entire signal was therefore divided into three 
parts:  two nighttime recordings with the PSG amplifier and one daytime recording. 
RR intervals were extracted from the three ECG recordings using an R-peak 
detection algorithm. The detected peaks were inspected and any artefacts were 
corrected. The three RR interval vectors were then stitched together based on the 
corresponding timestamps.  

The PPG signal was comprised of five separate but consecutive recordings, each of 
at least 8 hours in length. A proprietary peak detector was used to determine the PP 
intervals and correct for abnormal peaks and artefacts. The signals were then 
stitched together based on time stamps obtained from each of the recording 
devices. Three different devices were used to collect the five recordings, all of the 
same model and firmware.  

5.3.4 ARMAX model 
In the original publication, a circadian phase estimation model has been presented 
which uses RR intervals and light exposure or activity levels recorded over 24 hours 
[9]. This model has been trained and evaluated using two independent datasets (N 
= 11 and N = 16 respectively) of healthy sleepers with an average age of 25.5 ± 3.1 
years old and a body mass index (BMI) of 21.8 ± 2.4. The data collected in the current 
study consists of 49 healthy subjects with an average age of 54.1 ± 7.0 years old and 
a BMI of 26.5 ± 4.8.  
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DLMO was calculated as the time when the concentration of melatonin reaches 
3pg/ml. During training, the DLMO was coded into a cosine wave defined by 
equation 1 as 𝜑𝐷𝐿𝑀𝑂.     

𝑦(𝑡) = cos(2𝜋𝑓𝑡 − 𝜑𝐷𝐿𝑀𝑂)    (1) 

During testing, the RR intervals, activity levels light exposure were processed and 
used as inputs to the ARMAX phase estimation model. Processing was done in the 
same way as during training presented in Gil et al. [9].  The output of the model was 
fitted using a cosinor fitting, from which the maximum was determined and used as 
a surrogate of DLMO. This was compared to the measured DLMO and the difference 
was defined as the error between the two.  Figure 5.4 shows a flowchart of the 
phase estimation model.  

 

Figure 5.4 Flowchart of circadian phase estimation model. The RR intervals from the 3 separate 
recordings are first stitched together. All signals are then median filtered with a window of 15 

minutes and normalized. Signal combinations are then used as inputs into the ARMAX model which 
then outputs an estimated cosine wave. The cosine is then fitted using a cosinor fitting. The maximum 

of the newly created cosine is determined and this is the estimated DLMO surrogate. 

The most influential signal of the ARMAX model has been the RR intervals from the 
ECG [9]. It is known that the PPG signal can be used to extract a person’s heart rate 
and it has been reported that it can also be used to extract HRV features [11]. 
Nevertheless, these findings pertain to PPG sensors placed on the finger-tip [12] or 
earlobe [13]. We aimed at testing whether the newly developed wrist-worn PPG 
sensor could be used to extract sufficient information to provide an estimate of 
circadian phase non-invasively over 24 hours. The RR intervals from the ECG were 
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replaced by the PP interbeat cardiac intervals, and processed in the same way. 
Together with the activity and light information, these signals were used as inputs 
to the original ARMAX circadian phase estimation model [9]. 

Furthermore, given the significantly different age distribution (p <0.0001) between 
the population used to train and evaluate the original models (25.5 ± 3.1 years, 
mean ± standard deviation) and the population used in the current study (53.7 ± 7.5 
years), and the known effects of age on the circadian system as well as on autonomic 
cardiac activity [14–16], we have evaluated the performance of the model proposed 
by Gil et al. [9] under significantly new conditions with a distinct population.  The 
performance was assessed in terms of the standard deviation of the error of the 
DLMO estimates and the Pearson’s R coefficient between measured and estimated 
DLMOs.  The mean of the error is considered a bias term in the model, and therefore 
more emphasis is given to the standard deviation of the error.   

The analysis consisted of five evaluations: 

(1) Models trained in Gil et al. [9] on young population applied to the ECG data 
collected from the older population  

(2) Models trained in Gil et al. [9] on young population applied to the PPG data 
collected from the older population  

(3) Retrain models using ECG data collected from the older population and 
apply them to ECG data from older population  

(4) Retrain models using PPG data collected from the older population and 
apply them to PPG data from older population 

(5) Models retrained using ECG data collected from the older population 
(models resulting from evaluation 4 above) applied to PPG data from older 
population 

5.4 RESULTS 
From the 49 recruited subjects, 29 subjects presented usable ECG, actigraphy, and 
DLMO values. Of the 29, only 16 subjects had complete and valid PPG recordings 
over the same recording period as ECG recordings. The characteristics of the 16 
subjects included in the analyses are shown in Table 5.1. 

Table 5.1 Subject characteristics of 16 subjects with valid PPG and ECG data. 

Characteristic Mean ± SD 

Age 53.7 ± 7.5 
Gender 12 f/4 m 
BMI 25.6 ± 4.2 
MEQ 55.9 ± 11.7 
PSQI 4.8 ± 3.1 
MSFsc 4:07 ± 1:22 
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5.4.1 Evaluation 1: Models Gil et al. on ECG data of older population 
The first evaluation consisted of applying the original models on an older subject 
population using 24-hour recordings of ECG, activity levels, and light exposure.  

The circadian phase estimation results of all 29 subjects and the subset of 16 
subjects are presented separately. Table 5.2 shows the performance of the models 
when applied to the ECG data collected from the older subject population. 

Table 5.2  Performance of original models on an older subject population. The models were applied on 
the ECG signals of all subjects (N=29) and shown in A. The subset of subject which in addition to having 
usable ECG signals also had usable PPG signals (N=16) are shown in B. The various models represent all 
possible input signal combinations: RR Intervals (R), activity levels (A), and light exposure (L). 

 
Subjects Model 

Error (mean 
±SD, minutes) Pearson’s R P value 

A All subjects (N=29) RL 12 ± 62 0.4623 0.5003 
  AR 70 ± 52 0.6626 0.2363 
  AL 11 ± 77 0.3637 0.5026 
  ARL 9 ± 58 0.5332 0.467 
      
B Subset of subjects (N=16) RL 12 ± 77 0.1184 0.8143 
  AR 78 ± 66 0.4959 0.4214 
  AL 2 ± 86 0.0504 0.8548 
   ARL 7 ± 70 0.2827 0.7242 

 

In both cases, the models using activity levels and RR intervals (model AR) show the 
smallest estimation errors of circadian phase, based on the standard deviation. 
Nevertheless, there are significant differences in the performance of the model 
when compared to young adults. In our initial evaluations of the models on young 
adults, the accuracy of the model using activity and RR intervals was also the highest, 
with a standard deviation of the error of 34 minutes [9]. In addition, the mean error, 
or bias, was only 4 minutes for the young population, but 70 minutes for the current 
older sample population. 

5.4.2 Evaluation 2: Models Gil et al. on PPG data of older population 
The second evaluation assessed the use of the wrist-worn optical heart rate sensor 
for circadian phase estimation. The inputs to the models were based on PPG, activity 
levels, and light exposure.  

In this case, the model was applied only to the 16 subjects who had usable PPG data.  
Table 5.3 shows the performance of the models based on the PP intervals extracted 
from the PPG signal measured at the wrist, activity levels, and light exposure.  
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Table 5.3 Performance of the models based on PPG signal from a wrist-worn optical heart rate sensor 
(N=16). 

Model 
Error (mean ±SD, 
minutes) Pearson’s R P value 

PL 10 ± 78 0.1002 0.8262 

AP 68 ± 68 0.497 0.396 

AL 2 ± 86 0.0504 0.8548 

APL 13 ± 70 0.2966 0.716 

 

Once again, the model which utilizes activity levels and interbeat intervals (model 
AP) yielded the most accurate results.  However, the difference in performance in 
both Evaluation 1 and 2, when comparing the young and older adult populations, 
shows that there are physiological and behavioral differences between the two 
which are reflected in the RR intervals and activity patterns. These differences seem 
to affect the models resulting in a lower accuracy. Therefore, it appears to be 
necessary to re-train the models in order to target this specific age group.  

5.4.3 Evaluation 3: Retrain models using ECG data and applied to ECG data 
The third evaluation consisted of retraining the phase estimation models using the 
newly collected ECG data in order to better target this older subject population.  In 
the process of retraining the ARMAX models, the data was divided into two parts. 
One part was used for model selection and training using the leave-one-out cross 
validation approach (N=8), while the second half was used to test the performance 
of the models independently (N=8). The results of testing the models on the second 
half of the data is shown in Table 5.4.  

Table 5.4 Testing of retrained models based on ECG data targeted at the older subject population. 

Sensor Model 
Error (mean ±SD, 
minutes) Pearson’s R P value 

ECG RL 36 ± 45 0.6775 0.0078 

 AR 25 ± 48 0.6274 0.0163 

 AL 39 ± 62 0.3455 0.2263 

 ARL 19 ± 42 0.6161 0.0190 

 

Retraining the models using all possible input signal combinations using half of the 
data resulted in a higher accuracy than the original models in Evaluation 1.  

5.4.4 Evaluation 4: Retrain models using PPG data and applied to PPG data 
The fourth evaluation looked at training new models using the PPG data collected 
from half of the older subject population (N=8) and applying it to the PPG data from 
other half of the older population (N=8). 
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Table 5.5 Testing of retrained models based on PPG data targeted at the older subject population. 

Sensor Model 
Error (mean ±SD, 
minutes) Pearson’s R P value 

PPG PL 38 ± 64 0.6039 0.0222 

 AP 23 ± 77 0.3258 0.2556 

 AL 40 ± 65 0.5738 0.0319 

  APL 15 ± 65 0.5407 0.0459 

 

Once again, retraining the models using data from the older population yielded a 
better performance than the results of Evaluation 2. Nevertheless, the accuracy of 
the ECG-based models in Evaluation 3 was higher than the PPG-based models in 
Evaluation 4. Selecting the most accurate model from each sensor modality based 
on the standard deviation of the errors, we see that the ECG-based models 
performed with an accuracy of 19 ± 42 (R = 0.6161, p = 0.019) and the PPG-based 
models with an accuracy of 38 ± 64 (R = 0.6775, p = 0.0078). It is also worth noting 
that the signal combination is different. The most accurate ECG-based model made 
use of the activity levels, RR intervals, and light exposure (model ARL). However, the 
most accurate PPG-based model required only the PP interbeat intervals and light 
exposure (model PL). 

5.4.5 Evaluation 5: Models trained on ECG data from older adults applied to PPG 
data from older adults 

Given that the original ECG-based models performed similarly with either ECG or 
PPG data as inputs, as shown in Evaluation 1 and 2, the same process was performed 
with the newly trained models. The models trained in Evaluation 3, using the ECG 
data from half of the older population, were applied to the PPG data of the other 
half of the older population. This was done in order to separate the effects of data 
quality on the training of models from the actual performance of models. The results 
of this evaluation are shown in Table 5.6. 

Table 5.6 Performance of newly ECG-trained models from older adults (N=8) when applied to PPG data 
from a separate sample of the older adult population (N=8). 

Sensor Model 
Error (mean ±SD, 
minutes) Pearson’s R P value 

PPG PL 35 ± 48 0.6545 0.0081 

 AP 20 ± 49 0.6269 0.0165 

 AL 38 ± 63 0.3464 0.2198 

  APL 16 ± 42 0.6307 0.0173 
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5.5 DISCUSSION 
Parsimonious models have been developed to estimate the endogenous circadian 
phase of humans based on non-invasively collected signal modalities over a period 
of 24 hours [9]. The most influential signal driving the proposed models are the RR 
intervals. In the original publication, the models were trained and evaluated on 
healthy young subjects with an average age of 26.7 ± 4.0 years. These models made 
use of RR intervals extracted from ambulatory ECG recordings based on a 1-lead 
configuration. Further developments in sensor technology have allowed for the 
collection of heart rate data based on an optical heart rate sensor worn at the wrist. 
To improve the practicality in the use of the proposed circadian phase estimation 
methods, this new sensor has been used to collect data from subjects in ambulatory 
conditions and the original models have been applied on these new recordings. 
Specifically, this analysis has been carried out on an older subject population with 
an average age of 53.7 ± 7.5 years wearing a wrist-worn optical heart rate sensor 
and an ambulatory ECG as reference. Therefore, not only can the use of the optical 
heart rate sensor and the difference signal modality be explored, but we can also 
assess the performance of the models on an older population which could have 
different physiological characteristics represented in the RR interval signal.  

Comparing the accuracy of the ECG-based models between the two subject 
populations, we have found that the models performed better in the younger 
population. While the previous results on the younger population showed an 
accuracy of 4 ± 34 minutes [9], the results on the significantly older population 
showed an accuracy of 70 ± 52 minutes (Evaluation 1). The increase in bias from 4 
minutes to 70 minutes is likely due to the different baseline characteristics of the 
input signals which might be different than those of the younger subjects. Changes 
in heart dynamics, including the RR intervals, have been reported to occur due to 
aging [14–16], in particular the amplitude of the RR interval modulation. Given that 
the RR intervals are the driving signal in the current models, it is likely that these 
differences would be apparent not only in the bias, but also in the standard 
deviation of the error. Reducing the bias in the models could be achieved via 
personalization or prior calibration of the model for each subject.   

RR intervals from an ECG signal and PP intervals from a PPG signal, although similar, 
present inherent differences due to the distinct nature of the signals. Due to the 
ECG being an electric signal and the PPG being a mechanical signal, there is a small 
time delay between RRI and PPI, which could affect the models. To obtain a fair 
comparison, the analysis was carried out using only the subjects for whom both ECG 
and PPG measurements were available. Applying the ECG-trained models on PPG-
based signals resulted in a decrease in the accuracy of the predictions, although a 
rather small one. Using RR intervals as input signals resulted in an accuracy of 78 ± 
66 minutes (Evaluation 1), while using PP intervals reduced the accuracy to 68 ± 68 
minutes (Evaluation 2). PPG sensors are often applied to measure heart rate when 
the use of an ECG is not possible or is inconvenient. In principle, HRV from ECG and 
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PPG have been shown to be almost equivalent provided comparable signal quality 
is achieved.  Therefore it was expected that the accuracy of the models would not 
decrease significantly through the use of a PPG signal. The large bias is once again 
attributed to the differences in cardiovascular dynamics that occur with age.  

In order to address the discrepancies arising from the significant age difference 
(p<0.0001) between subject populations, new models were trained using the data 
collected in this study. The first iteration consisted of using the RR intervals from 
ECG to train new ARMAX models (Evaluation 3) following the same methodology 
outlined in Gil et al. [9]. This resulted in an improved overall accuracy of 19 ± 42 
minutes, from the original 78 ± 66 minutes. The second iteration consisted of 
training new ARMAX models based on the PP intervals from the PPG (Evaluation 4). 
This resulted in an overall increase in accuracy to 38 ± 64 minutes, from the original 
68 ± 68 minutes. The bias was reduced due to using a training set of comparable 
age, although not reduced to zero likely due to the small sample size of 16 subjects. 

The improvement achieved using RR intervals as an input signal was larger than 
using PP intervals. To address this difference one must consider the experimental 
setup, sensors used, and the measurements taken. On the one hand, an ambulatory 
ECG monitor using gel electrodes was worn by the subjects throughout the study. 
The electrodes ensure good contact with the body and, therefore, accurate heart 
rate measurements. However, the electrodes may not be worn for prolonged 
periods of time in order to avoid skin irritation. On the other hand, a wrist-worn 
optical PPG sensor was used to collect heart rate data based on 
photoplethysmography. Due to movement artifacts inherent to wrist-worn devices, 
the accuracy of the PPG measurements was not as high as that of an electrode-
based ECG monitor. Nevertheless, this sensor provides the possibility of long-term 
measurements with no negative effects on the subject’s skin or comfort.  The 
reduction in the accuracy of the PP intervals compared to the RR intervals is likely 
the cause for the PPG-trained models performing less accurately than the ECG-
trained models.  

Nonetheless, the results in Table 5.6 show that the data collected using the optical 
heart rate sensor can be adequately used to estimate circadian phase, given that 
the models are trained on ECG-based training data (Evaluation 5).  Comparing Table 
5.4 and Table 5.6, we can see that the accuracy of both models is nearly identical, 
regardless of the modality used to collect the test data. In general, training models 
is ideally done with clean data. In this case, the ECG data was cleaner than the PPG 
data due to the aforementioned reasons, and therefore resulted in more reliable 
models. However, as shown in Table 5.4 and Table 5.6, and again in Table 5.2(B) and 
Table 5.3, both the ECG and PPG data are comparable and result in similarly accurate 
circadian phase estimates.  
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5.6 CONCLUSION 
Estimating circadian phase in older adults based on ECG recordings has been shown 
to be achievable with an accuracy of 42 minutes (R = 0.6161, p = 0.0190).  
Furthermore, the use of an optical heart rate sensor for the collection of peak-to-
peak intervals has resulted in circadian phase estimates with an accuracy of also 42 
minutes (R = 0.6307, p = 0.0173). Previously, models targeted at young adults based 
on RR intervals from ECG yielded results with an accuracy of 34 minutes. This 
decrease in accuracy could be due to the following limitations. 

The number of subjects was limited to 16 due to technical problems and data 
quality. Models were trained and tested based on these 16 subjects, compared to 
previous studies which included a dataset 30 subjects. Furthermore, the quality of 
the PPG data collected was a limiting factor when compared to ECG data. Movement 
artifacts from the wrist-worn device and the need to use several devices to collect 
data of the necessary duration introduced noise and reduced the quality of the data 
needed to train the models. Models trained on cleaner ECG data and then tested on 
PPG data, showed nearly the same performance as when tested on ECG data. Lastly, 
limited battery life in optical heart rate devices led to the need to use multiple 
devices to collect 24 hours of continuous data.  Although all devices were the same 
model and contained the same firmware, small differences can exist in the devices 
which might introduce some uncertainty when stitching together data recordings. 

As a whole, the training of models, which requires higher quality data should rely on 
clean ECG measurements to ensure extracting truly reliable HRV information. 
However, the actual application of these ECG-derived models can be carried out 
using PPG data from a wrist-worn optical heart rate measuring device as the Mio 
Alpha used in this study. 
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