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Abstract – In this paper we present the benefits of 
long-term ECG data collection. Extraction of “non-
traditional” variables and multimodal information 
from ECG signals can be used to estimate current, 
predict future health status, and detect any health 
anomalies and trends of an individual before subjective 
signs appear.  
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1. Introduction 

 
Expansion in technology has reached a level at 

which continuous long-term data collection is easy to 
achieve. Low-cost, small in size, and easy to use 
gadgets that collect a statistically significant amount 
of personal physiological data are available off-the-
shelf to consumers. Technology trends and 
personalized database have caused a shift of the 
averaging perspective of the health statistics of large 
numbers from a population to a single person’s data. 
The center of new diagnostic systems has become the 
patient and his intrinsic characteristics rather than 
characteristics intrinsic to demographic groups.  

The role of a patient in the healing processes and 
health maintenance has increased and become 
proactive rather than passive, with higher control 
over personal wellness, disease prevention, 
evaluation of a health status, and health treatments. 
Demanding requirements of health monitoring 
systems also have changed to what is known as P4: 
prediction, personalization, prevention, and 
participation.  

Although the health scene has significantly 
changed in the last decade, some challenges remain. 
For example, on the user’s side the devices should 
not interfere with everyday life. This means that size, 
shape, and body position of sensors being used 
should fit the life style of the user. The whole 
package, i.e. design of the main units, data transfer 
and processing, user interface, sensors, and other 
modules of health monitoring systems, has to be user 
friendly, appealing, and reliable.  

On the design side these requirements impose 
challenges of data storage, signal processing, a 
number of non-redundant sensors, power 
preservation, and artifact and noise reduction or 
removal. There are additional application specific 
challenges, such as for example, possible allergic 
skin reaction to conductive gel in commonly used 
ECG electrodes, particularly when electrodes are 
worn over longer periods of time.  

The vision is to replace the adhesive electrodes and 
wires to existing ECG monitors with unobtrusive 
wireless sensors, perhaps in the form factor of a thin 
pad held near the subject (so called non-contact 
sensors, see Figure 1), or integrated into furniture or 
garments, so called textile sensors [1,2]. Such 
electrodes enable better portability, flexibility, and 
reusability, due to their ability to pick up cardiac 
signals with minimal distraction to the user.  

 

 
Figure1. Measured ECG signal with the first generation 
non‐contact probe developed by the Center for Future 
Health team at the University of Rochester. The signal was 
measured through one layer of clothing with the probe 
held slightly to the right of the heart of the female subject. 
The R‐wave and other features that can be identified with 
each of the PQRST characteristics are clearly visible in the 
trace above.  

 
Another goal of health monitoring systems is to 

reduce a size of the wearable part of the system. 
Extraction of additional information from a single 
biological signal and thus removing redundant 
sensors may decrease the size of the wearable part, 
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but also exclude other design challenges associated 
with particular sensors.  

ECG signals and their variables are considered a 
relatively simple way to estimate heart health and are 
used ubiquitously. Technology already exists that 
enables construction of low-cost, portable personal 
ECG devices. Thus, it is rational to use the ECG 
sensor and to explore what additional information 
can be extracted from ECG signals.  
  
 
2. ECG Morphology   

 
The ECG stands for electrocardiogram, i.e. the 

recording of electrical activity of a heart as the result 
of contraction of the heart muscle cells in the atria 
and ventricles. Typical ECG recording has five 
peaks, arbitrary named P, Q, R, S, and T (Figure 2). 
In some cases, an additional U wave follows the T 
wave (not shown in Figure 2).  

Placement of ECG sensors determines the 
amplitude and phase of the PQRST, i.e. different 
placements give different angles of the electrical 
activity, like a cross-section of a three-dimensional 
electrical picture of the heart. In addition, motion 
artifacts and sensor noise contribute to the cardiac 
signal, so the schematic diagram of a cycle of ECG 
recording may look different than shown in Figure 2 
[3].  

 
 

 
Figure 2. Schematic diagram of normal ECG period for a 
human heart. The typical parts of the ECG include the P 
Wave, the QRS Complex, and the T Wave.  

 
If the electric or muscular function of the heart is 

disturbed, the disturbance can influence the ECG 
readout (Figure 3).  

For example, arrhythmia is the condition of a heart 
with irregular beats due to a defect in the electric 
pacing or conduction system. Dead heart tissue 
present after a cardiac infarction also changes the 
ECG, since it cannot conduct electrical signals, and 
the propagation of the signal changes in the affected 
area. The change can be visually observed in ECG 
readouts. Any heart disease, caused by virus, 
bacteria, or parasite that results in damaged heart 
tissue will change the morphology of the ECG. 
However, depending on the damage location, visual 

inspection may not identify the damage from some 
sensor’s readouts. In such cases, complex digital 
signal processing may reveal hidden information.  
 

 
Figure 3. A sample of real ECG data of a congestive heart 
failure patient during sleep.  
 
 
3. Uncovering information 
 

Morphology Deviation. A deviation from the 
normal morphology of an ECG signal may indicate 
possible heart abnormalities. For example, increased 
width of the P-wave may indicate left atrial 
enlargement or diseased atrial muscle, and sharply 
pointed symmetrical T waves may indicate 
myocardial infarction (MI).  

 

 
Figure 4. A 5 second sample of real ECG data.  The tall  
sharp peaks are known as the R wave and occur once per 
heart beat. A rough estimate of heart rate can be 
determined by counting the number of beats occurring in 
this 5 second window (9 beats). This corresponds to 108 

beats per minute ( 9 108 / min
5sec 60sec
beats Xbeats X beats= ⇒ = ).  

 
Heart Rate and Its Variability. Heart rate (HR) is 

defined as the number of heart beats per minute, also 
known as pulse, and may be calculated from R-R 
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intervals. One beat equals to one R wave (see Figure 
4).  

Time intervals between beats are not fixed, and 
although HR is measured in beats per minute and 
usually averaged over a minute, there is a noticeable 
fluctuation in time interval between beats. HR 
variability reflects changes in the autonomic nervous 
system tone, and thus contains indicators of possible 
diseases. Since it is non-invasive and easy to obtain, 
HR variability has increased in popularity as a 
diagnostic tool [4, 5]. Usually a lower HR variability 
is a warning sign. It is linked to the survival outcome 
of congestive heart failure, diabetic neuropathy, 
depression post-cardiac transplant, survival in 
premature babies, and myocardial infarction [6]. 
Note that physical and emotional stress may increase 
a mean heart rate considerably compared to a mean 
HR at rest.  
 

 
Figure 5: A Visual Comparison of RR-Interval or HR and 
Breathing.  This shows a clear similarity between the two 
signals.  Each peak of the breathing signal occurs during 
the same time frame as the peak of RR-Interval.  Note that 
although close, the maxima of the peaks do not match 
exactly. Breathing rate (BR) is than calculated as: 

60
min

breathsBR
PeakTime

=
∆

, where ∆PeakTime is a time interval 

between R peaks [8].   
 
 

 
Figure 6: R-R Envelope (green solid line that connects R 
peaks) is highly correlated with breathing [8].  
 

Respiration. Respiratory signals may be extracted 
from the ECG data. It is known that the respiratory 
signal is highly correlated with the change in heart 
rate (Figure 5), change in amplitude of R peaks (R 
envelope, see Figure 6) [7], and changes in mean 
ECG value over one ECG cycle [8].  

Drug Toxicity. Use of medications can impact 
ECG features. J.P.Couderc and al. [9] determine drug 
toxicity through estimation of QT prolongation. Very 
small QT prolongation is considered a warning sign 
of drug toxicity. Based on pharmacological 
autonomic blockade, it was found that sympathetic 
stimulation prolongs the QT interval, and vagal 
stimulation shortens it [10]. This information may be 
used as an aid in deciding the safety of a drug.  

Disease Detection. It is shown that based on the 
ECG features, subjects with congestive heart failure 
(CHF) can be distinguished from the subjects that are 
CHF free. It is also proven that HR variability is 
lower in subjects with CHF [11]. However, 
automatic clustering of other diseases based on ECG 
features, such as for example, tuberculosis, or 
reduced kidney function, i.e. diseases that visually do 
not impact ECG recordings, are not investigated in 
research community.  

Verification and Identification. A number of 
researchers showed that ECG features can be used 
for biometric purposes [12, 13, 14]. Biometrics are 
physical or behavioral features unique to an 
individual, and as such can be used for identification 
and verification. ECG monitoring is a standard 
procedure in the medical environment, and ECG 
based identification can be used to help confirm a 
patient, and ensure access to correct medical records 
and treatment. The most common ECG descriptors 
used for verification and identification are based on 
variability, amplitude, curvature radius, wave width, 
and temporal distances between fiducial points.  

Noise: Activity. Physical activity superimposes 
motion artifacts on ECG signals. There are numerous 
research papers that develop techniques to reduce or 
attempt to remove artifacts [15, 16], and many use an 
accelerometer signal as reference. Accelerometer 
signals are commonly used for activity recognition. 
As motion artifacts are considered as undesirable in 
ECG signals, the research community has not 
considered using information buried in ECG noise to 
classify activities or to estimate physical exertion of a 
patient. In Figures 7 and 8 are examples of ECG 
signals during rest and paced walking.  Activity – 
paced walking, can be clearly recognized in presence 
of higher harmonics in the spectral distribution 
(lower plot in Figure 7) of the ECG signal plotted on 
the upper plot in Figure 7. The distribution of higher 
harmonics is similar to the distribution of higher 
harmonics that can be seen on the accelerometers 
readouts during walks.  
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Figure 7. Upper plot: ECG signal of a healthy person at 
rest. Lower plot: Power spectral distribution of the upper 
signal.  

 

 
Figure 8. Upper plot: ECG signal of a healthy person 
during paced walk. Lower plot: Power spectral distribution 
of the upper signal. Notice higher harmonics that are due 
to steps and are similar to frequency distributions from the 
accelerometer’s spectral readouts during walks.  

Activity: HR prediction. For a patient with CHF 
it can be challenging to plan everyday activities. 
Thus, predicting HR behavior for a certain activity 
(i.e., walking the dog) may aid the patient’s 
confidence and them manage their disease more 
effectively. Knowing an activity pattern, it is possible 
to model the relationship between the HR and the 
activity, and to estimate how much stress the activity 
is likely to exert on the heart prior to performing the 
activity [17]. In Figure 9 is shown predicted heart 
rate up to 60 minutes into the future using linear 
model 2 as described in [17]. 
 

 
Figure 9. Zoomed detail of a HR prediction from a given 
activity for a cardiac patient using 20 hour data and linear 
model 2 from [17].  

 
 
 

 
Figure 10. Ellipsoids of a patient with congestive heart 
failure, data collected approximately a month apart. No 
changes in treatment or daily routines of the patient. The 
only change is in the radii of the spheres. Both ellipsoids 
are away from the “healthy area” defined by the green 
box.  

 
Health Monitoring and Estimation. A major 

focus of health research is the detection of possible 
catastrophic events. However, health may begin to 
deteriorate long before a person experiences health 
related problems. The onset of change is subtle and 
may not be detectable from the ECG reading during 
an ambulatory exam. Long term data collection 
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enables the design of personalized models that can 
aid in capturing health changes through comparison 
of the actual and predicted state of an individual’s 
health. Further, comparison between the current 
health state and the health state history may reveal 
health trends, effectiveness of treatment, and an 
objective assessment of the healing process earlier 
than subjective signs manifest. A health index can be 
calculated as a compound of several health markers, 
such as for example, respiration, activity, and heart 
rate, and may infer physiological state of a person.  

 
 

 
Figure 11. Ellipsoids of a patient with congestive heart 
failure. The lower ellipsoid was from the first data 
collection, and the upper ellipsoid was from data taken 
about a month later. The patient’s therapy had changed 
before the second run, and the change is reflected in the 
position of the ellipsoid. Both ellipsoids are away from the 
“healthy area” defined by the green box.  

 

 
Figure12. Three ellipsoids of a healthy control. All 
ellipsoids are in the boundaries of the “healthy area”. It is 
interesting that the subject had flu during one of the runs, 
which is clearly captured with the ellipsoid protruding 
from the green box.  
 

In Figures 10-13 are shown illustrations of a 
graphic representation of such a health index using 
long term health monitoring from several runs of data 
collection, approximately 20 hours of recording for 
each run. Figures 10 and 11 are for individuals with 
CHF, and Figure 12 and 13 are for healthy subjects. 
The results shown are calculated using data recorded 
during sleep, which yields about six to eight hours of 

recordings. Three variables are: HR averaged over 
one minute, velocity of breathing rate (BR) energy, 
and BR zero crossings around mean. BR is calculated 
using changes in mean ECG value [8]. A green box 
defines boundaries of the area where average values 
of a healthy person are expected to fall. Ellipsoids are 
calculated as:  

 
2 2 2

2 2 2

( ) ( ) ( )
1c c c

R R R

x x x y x z
x y z
− − −

+ + =   (1)  

 

where x is a mean HR in beats per minute (Bpm), y is 
an energy difference of BR in breaths per minute 
squared (bpm2), and z is a number of zero crossings 
around mean of BR. “R” in subscript stands for a 
radius and is calculated as a mean value of absolute 
values of all distances from the mean value of a 
respective variable. “C” in subscript is for a center 
and represents the mean value of a respective 
variable.  
 

 
Figure 13. Zoomed four data runs of a healthy subject. 
Data for each run are collected about two weeks apart. 
Although the centers of the ellipsoids slightly shifted, each 
ellipsoid stayed in the boundaries of the healthy area.  

 
In Figures 10 and 11 spheres are outside the 

boundaries of the green area. In days between data 
collections, the patient represented by data given in 
Figure 10, had no changes in treatment or diet, and 
no gross changes can be observed in positions of the 
spheres. However, for the patient whose data are 
presented in Figure 11, a change in therapy moved 
the center of the sphere.  

Healthy subjects are presented in Figures 12 and 
13. The spheres are inside the boundaries of the 
green area. Note that healthy subjects had more data 
runs. The subject presented in Figure 12, had flu 
during one of the runs, reflected in protrusion of one 
of the spheres from the green box. Another 
interesting observation is that for each run, centers of 
the spheres shifted in all directions, although spheres 
stayed inside the box, and in close proximity to each 
other.   
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Personalized continuous health monitoring is 
beneficial to both, the healthy population and 
populations with chronic or acute diseases. With such 
systems the quality of life may improve greatly, as 
individuals may react long before first signs of 
deterioration show, or malady progresses. Also, users 
can see trends of what may happen if no action is 
taken, and improvements with correct actions.  

 
 

4. Conclusion 
 
With recent technology advances and the P4 

approach to health monitoring, an individual’s 
position before, during, and after a medical treatment 
has new meaning. This paper shows that physiologic 
signals, such as ECG, are getting new perspective, as 
we extract non-traditional information that can be 
used in a P4 context through multimodal health 
monitoring. Long term data collections are enabling 
continuous health monitoring and development of 
personalized health models, which can detect 
changes in person’s health status, early and 
objectively. In addition, such models may lead to 
general prediction of treatment outcomes. Activity, 
which can be detected from the signal’s noise, 
enables task related prediction, which gives more 
freedom in planning daily activities to individuals 
with health problems. Compound metrics may infer 
the physiologic state of a person. New health metrics 
can be tracked along many dimensions, and further 
research will determine which are most informative 
and predictive. Health threats show as a steady 
movement from the normal. It is possible each type 
of threat, i.e. for example heart, lung, kidneys, or 
combination, may manifest itself in changed 
parameters and features, and information may be 
used to classify the threat in terms of its type and 
severity.  

Activity, respiration, disease classification and 
detection, biometrics, heart rate, health index, 
personalized models, task related and general health 
predictions, toxicity of medicaments, objective 
picture of health changes, early warnings and 
reactions to health changes, confidence of more 
control over personal wellness and health… and the 
question at hand is: “Is this the final list, or what else 
can one learn from physiologic signals and 
multimodal health monitoring”?   
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