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Editorial
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Geriatric syndrome is defined as a set of multifactorial
conditions associated with deficits in clinical, psychosocial,
and environmental domains. Future care of the elderly
should be based on the ability to recognize and quantitatively
assess early predictors of geriatric syndrome at the primary
healthcare level in order to prevent, or limit, the later de-
velopment of geriatric syndrome. In cases where geriatric
syndrome is established, quantitative techniques for mon-
itoring the effectiveness of care and treatment of the disease
are also necessary.

Usage of computational tools, new technical de-
velopments, and improvement in technologies involving
wearable devices and sensors hold great promise for ad-
vancement of care systems for the elderly. Different aca-
demic disciplines have proposed a variety of meaningful
advancements for both the initial screening and diagnosis
and care of different age-related diseases and disorders.
Future potential exists for early screening and diagnosis of
geriatric syndrome based on evaluation of continuous time-
series data acquired during daily life, using analytical
methods rooted in current mathematical, statistical, and
computer science concepts/techniques. Such development
of computational tools would herald a new era for both
modeling and optimizing treatments of such diseases as
sarcopenia, cognitive decline, mood disorder, frailty, and
dependency—each of which is considered as a geriatric
syndrome. %is special issue highlights a number of
thoughtful viewpoints on the present application of such

computational tools with the goal of evaluating the current
status quo through publication of research articles and re-
view papers on the topics above.

Topic of four papers is computational and statistical
methods for disease early screening. J. Kim et al. provide
a practical guide with SAS code of multilevel modeling for
analyzing wrist activity data obtained by accelerometer and
self-reported data from repeated measures using ecological
momentary assessments in older adults. %ey show a pos-
sibility for early detection of increasing in depressive
symptoms using wrist activity data during daily life. L. J.
Mena et al. developed a mobile EEG monitoring system,
which includes a machine learning classifier of normal and
abnormal electrocardiogram signals for older adults. %e
system may be useful for detecting cardiac abnormalities
during daily life. J. Beltrán et al. review on papers for eye
movements during specific oculomotor tasks in older adults
with Alzheimer’s disease.%ey also introduce the progress in
technology that can enable analyzing eye movements during
daily life which may be useful for early detection of Alz-
heimer’s disease. Y. Kim et al. propose an automatic drusen
detection method using the median filter and Renyi’s
threshold algorithm in funds image. %is method may help
clinicians to improve the diagnostic performance in the
detection of age-related macular degeneration.

Topic of one paper is wearable technology for disease
early screening. M. H. Jang et al. introduce a newly de-
veloped surface electromyography device for monitoring
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muscle activity during daily life. %is device may be useful in
monitoring muscle activity during daily life and in pre-
venting sarcopenia and frailty.

Topic of one paper is quantitative techniques for blood
methylmercury concentration. B.-G. Kim et al. report sta-
tisticaly significant differences in values of the methylmer-
cury in the same blood samples for older adutls between two
analytic techniques (i.e., the dithizone extraction and gas
chromatography-electron capture detector method and the
cold vapor atomic fluorescence spectrophotometer method),
indicating that these methods should be used carefully for
evaluating methylmecury concentration in blood.

%is special issue is selective. Among 12 submissions, 6
were selected. It is our hope that this impressive group of
papers will help the analysis and treatment for older pop-
ulation in their efforts to advance community-based medical
research.
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Objective. *e purpose of this study was to establish the validity and reliability of the newly developed surface electromyography
(sEMG) device (PSL-EMG-Tr1) compared with a conventional sEMG device (BTS-FREEEMG1000). Methods. In total, 20 healthy
participants (10males, age 30.3± 2.9 years; 10 females, age 22.3± 2.7 years) were recruited. EMG signals were recorded simultaneously
on two devices during three different isometric contractions (maximal voluntary isometric contraction (MVIC, 40% MVIC, 80%
MVIC)). Two trials were performed, and the same session was repeated after 1 week. EMG amplitude recorded from the dominant
biceps brachii (BB) and rectus femoris (RF) muscles was analyzed for reliability using intrasession intraclass correlation coefficient
(ICC). Concurrent validity of the two devices was determined using Pearson’s correlation coefficient. Results. Nonnormalized sEMG
data showed moderate to very high reliability for all three contraction levels (ICC� 0.832–0.937 (BB); ICC� 0.814–0.957 (RF)).
Normalized sEMG values showed no to high reliability (ICC� 0.030–0.831 (BB); ICC� 0.547–0.828 (RF)). sEMG signals recorded by
the PSL-EMG-Tr1 showed good to excellent validity compared with the BTS-FREEEMG1000, at 40%MVIC (r� 0.943 (BB), r� 0.940
(RF)) and 80% MVIC (r� 0.983 (BB); r� 0.763 (RF)). Conclusions. *e PSL-EMG-Tr1 was performed with acceptable validity.
Furthermore, the high accessibility and portability of the device are useful in adjusting the type and intensity of exercise.

1. Introduction

Sarcopenia is defined as decreased skeletal muscle mass and
muscle strength with age. Muscle mass and strength gradually
decrease after reaching a peak in early adulthood, and the
degree of decrease varies among individuals [1]. Elderly
people with sarcopenia have a much higher fall risk and lower
physical performance than do nonsarcopenic individuals [2].
Decreased muscle strength also reduces functional capacity
and is a major cause of disability, mortality, and other adverse

health outcomes [3, 4]. Because of individual differences, it
is important to reduce the rate at which muscle mass declines
to avoid premature sarcopenia. Sarcopenia can be evaluated
by measuring skeletal muscle mass. It is common practice to
examine the cross-sectional area, thickness, and weight of
muscles using magnetic resonance imaging (MRI), computed
tomography (CT), anthropometry, bioelectrical impedance
analysis (BIA), and ultrasound. Muscle mass and strength are
reduced in the third decade, and the prevalence of sarcopenia
can be increased by the presence of obesity and the amount of
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physical activity. *erefore, managing the risk factors of
sarcopenia through exercise is important in young and
healthy adults [1, 5]. In addition, low physical performance
can be assessed using functional measurements such as gait
speed (e.g., 4 minute walking test) and grip strength [4, 6].
Muscle quality may be more important than muscle size in
estimating the risk of falling, and monitoring muscle activity
during daily activities can help in preventing sarcopenia
and estimating the degree of frailty [7, 8]. It is also important
to evaluate muscle quality in healthy elderly people before
and after exercise and according to age [9, 10]. Muscle activity
can be monitored and muscle quality can be evaluated,
through surface electromyography (sEMG) [11, 12]. How-
ever, the sEMG devices developed so far are expensive and
difficult to operate, which limits their use by nonspecialists.
*erefore, a new sEMG device , that is, simple to use and
highly accessible has been developed for people who are not
familiar with EMG.*e purpose of this study was to establish
the validity and reliability of the new device.

2. Materials and Methods

2.1. Experimental Protocol. In total, 20 healthy participants
(10 males, 10 females) between the ages of 21 and 34 years
(males, age 30.3± 2.9 years, height 171.9± 3.8 cm, weight
74.1± 11.3 kg, body mass index (BMI) 25.4± 3.33 kg/m2;
females, age 22.3± 2.7 years, height 162.1± 5.0 cm, weight
56.4± 5.0 kg, BMI 21.5± 1.9 kg/m2; mean± SD) were
recruited; all participants who provided informed consent
prior to the study were recruited. Ethical approval was
granted, and the informed consent form was approved by
the Ethics Committee of Pusan National University Hos-
pital, Busan, Korea (IRB number: 1703-018-052). Exclusion
criteria included musculoskeletal disease, cardiopulmonary
disease, and other diseases that could prevent exercise.

At each session, participants were first required to
perform three maximal voluntary isometric contractions
(MVIC) for 5 seconds each, with a 5-minute rest between
contractions. Each session consisted of two trials. After three
MVIC measurements, 15-second isometric contractions
were performed at different intensity levels. In the pretest, it
took at least 10–15 seconds to maintain the same intensity
isometric contraction through visual feedback. First, 40%
MVIC was performed, followed by 80% MVIC after 5
minutes of rest. In the second trial, the placement of the
electrodes for the two devices (BTS-FREEEMG1000 and
newly developed device) was interchanged, and contractions
were again measured by the same method (Figure 1). During
the test, participants received visual feedback about their
performance from a monitor, which enabled them to
maintain the muscle contraction at the target intensity. *e
same procedure was employed for the biceps brachii (BB)
and rectus femoris (RF) muscles [13–15]. All tests were
performed only with the dominant arm and leg. Participants
were tested twice, with a week between sessions.

2.2. Mechanical Recording. *e participants sat on a Biodex
System 3 PRO dynamometer (Biodex Medical Systems,

Shirley, NY, USA) with a visual torque feedback monitor.
Each participant sat in an upright posture and was strapped
firmly to the chair with adjustable belts across the arm,
trunk, and thigh. To evaluate BB muscle contractions, the
participant sat with the dominant arm flexed at 90° and the
forearm flexed at 120° relative to the upper arm. To evaluate
quadriceps (RF) contractions, the hips were flexed at 90°
and the tested knee was flexed at 45°. *e axis of the dy-
namometer was positioned at the center of the tested elbow
or knee joint. *e lever arm was fixed by the precalibrated
force sensor [16].

2.3. EMG Recording. *e EMG signal was recorded si-
multaneously using two different sEMG devices. *e BTS-
FREEEMG (BTS-FREEEMG1000; BTS Bioengineering,
Milan, Italy) was set to a sampling rate of 1,000Hz per
channel, and the signals were band-pass filtered from 20 to
500Hz. *e newly developed sEMG device (PSL-EMG-Tr1;
PhysioLab Co., Ltd., Busan, Korea) was set to a sampling rate
of 30,000Hz, and signals were amplified with a 3–2,000Hz
bandwidth (Figure 2(a)).

Adhesive hydrogel surface electrodes (35mm teardrop-
shaped Kendall™ 200 Foam Electrodes; Medtronic, Min-
neapolis, MN, USA) were used, and the interelectrode
distance, electrode placement procedure, and skin prepa-
ration followed standard Surface Electromyography for the
Non-Invasive Assessment of Muscles (SENIAM) guidelines
[17]. Two pairs of surface electrodes were attached parallel to
the muscle fibers at an interelectrode distance of 2.0 cm. *e
distance between the pairs of electrodes was also 2.0 cm.
After the first trial, the second trial was performed by
interchanging the positions of the two pairs of electrodes of
the each EMG devices (Figure 2(b)). After the interchange of
the electrodes, the average of the values was used to compare
the concurrent validity of the two devices.

*e root mean square (RMS) value was used to analyze
and process the recorded electrical signals in the muscles.
Based on the square root calculation, the RMS reflects the
mean power of the signal and is the preferred recommen-
dation for smoothing. *e RMS value can be used as a pa-
rameter to reflect the physiological activities of the motor
unit during muscle contraction [18].

2.4. Statistical Analysis. Sample size was calculated using
G∗Power software (ver. 3.1; Heinrich–Heine Universität,
Düsseldorf, Germany). In this study, the number of subjects
required for a null-correlation (R0)� 0, alternative corre-
lation (R1)� 0.6, alpha� 5%, power� 80%, and two-tailed
test value was 19. Statistical analysis was performed using
SPSS software (ver. 18.0; SPSS Inc., Chicago, IL, USA). To
determine concurrent validity between the two sEMG
machines, Pearson’s correlation coefficient (r) was used for
the average of two trials in each device. Interpretation of the
correlation coefficients was based on guidelines for Pearson’s
coefficients suggested by Portney and Watkins [19]: r> 0.75,
good to excellent correlation; r� 0.50–0.75, moderate to
good correlation; r� 0.25–0.50, fair correlation; and
r� 0.00–0.25, little to no relationship [19]. *e Bland–
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Altman plot was used to visually compare the mean values of
the two trials in each device. Mean differences were cal-
culated by subtracting the % MVIC of the PSL-EMG-Tr1
from the % MVIC of the BTS-FREEEMG1000. Limits of
agreements (LOA) were calculated by using 2 standard
deviations around the mean difference.

*e intraclass correlation coefficient (ICC) of two trials
performed on each week was used to indicate the relative
reliability of the measurements. For the test-retest reliability,
ICC using a two-way mixed-effects model and absolute
agreement definition is used [20]. Munro’s descriptors for
reliability coefficients were used to index the degree of re-
liability: very high correlation, 0.90–1.00; high correlation,
0.70–0.89; moderate correlation, 0.50–0.69; low correlation,
0.26–0.49; and little or no correlation, 0.00–0.25 [21]. *e
paired t-test was also conducted comparing the RMS (μV)
and torque (N·m) between two trials of each week. Biodex is
a device that has proved its reliability and validity.*erefore,
Biodex was used only to evaluate the exact intensity during

muscle contraction, and validity was compared between two
sEMG devices [22].

3. Results

3.1. Torque Measurements. Twenty participants completed
a total of four trials over 2 weeks. Table 1 shows the peak
torque (N·m) values at three isometric contractions levels
(MVIC, 40%MVIC, and 80%MVIC) for the first and second
weeks. Very high relative reliability was found at all three
isometric contraction levels for both muscles (ICC: 0.985–
0.994 for BB; 0.948–0.981 for RF).

3.2. Amplitude of sEMG. Recorded sEMG data were pro-
cessed for RMS analysis. *e amplitudes (μV) of the non-
normalized RMS values recorded by the PSL-EMG-Tr1
devices at the three contractions levels for the first and
second weeks are shown in Table 1. Moderate to very high

Test-retest interval
5min

MVIC
5s, 3 times

40% MVIC
15s, 1 time

80% MVIC
15s, 1 time

5min 5min

Electrode interchange

MVIC
5s, 3 times

40% MVIC
15s, 1 time

80% MVIC
15s, 1 time

5min 5min

1st trial

2nd trial

Figure 1: Scheme of the experimental protocol consisted of MVIC, 40%, and 80% MVIC. *e same test was repeated after 1 week on the
biceps brachii and rectus femoris muscles.

(a)

PSL-EMG-Tr1FREEEMG1000

(b)

Figure 2: (a)*e newly developed electromyography (EMG)machine (PSL-EMG-Tr1, PhysioLab Co., Ltd., Busan, Korea). (b) Placement of
the two pairs of surface electrodes on the biceps brachii muscle.
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relative reliability was found for all three contraction levels
in both muscles (ICC: 0.832–0.937 for BB; 0.814–0.957 for
RF). Overall, the reliability at various contraction levels was
slightly lower for the PSL-EMG-Tr1 than for the Biodex
device.*is may be because the muscle group generating the
torque includes other muscles in addition to the one
measured by sEMG; this is discussed further below.

To compare EMG activity in the same muscle on dif-
ferent days or different individuals, or to compare EMG
activity between muscles, the EMG must be normalized.
Normalization of EMG signals (% MVIC) is shown in Ta-
ble 2. Normalization of EMG signals is performed by di-
viding the EMG signals during the submaximal isometric
contraction by a maximal EMG signal (MVIC). *e nor-
malized RMS values showed no to high relative reliability in
BB and moderate to high relative reliability in RF (ICC:
0.030–0.831 for BB; 0.547–0.828 for RF). *ere were no

statistical differences of normalized RMS values for two
sEMG devices between the first and second trial (p> 0.05;
Table 2).

3.3. Validity. Figure 3 shows the validity of the two sEMG
devices. Pearson’s r values were used to evaluate validity
because all of the %MVIC values measured in the BB and RF
muscles were normally distributed. *e two sEMG devices
were compared using averages of all four trials for two weeks
of 40% MVIC and 80% MVIC. *e 40% MVIC displayed
excellent validity for BB (r� 0.907) and RF (r� 0.965), and
the 80% MVIC showed good to excellent validity for BB
(r� 0.781) and RF (r� 0.757). Figure 4 shows Bland–Altman
plots which show the dispersion of the % MVIC of the two
sEMG devices. *e mean difference in % MVIC was small
(0.0–1.1) with the majority of the data points within the 95%
limits of agreement.

Table 1: Reliability comparison of the Biodex System 3 PRO and BTS-FREEEMG, PSL-EMG-Tr1.

Device Variable Trial 1 Trial 2 ICC Difference of means
(95% CI) p value

(a) Biceps brachii muscle

MVIC

Biodex (N·m) Week 1 36.65± 14.56 35.98± 13.78 0.985 0.68 (−0.9, 2.3) 0.387
Week 2 38.60± 14.53 38.59± 14.27 0.986 0.01 (−1.6, 1.6) 0.990

BTS-FREEEMG (μV) Week 1 460.50± 257.49 395.52± 216.69 0.930 64.98 (14.4, 115.5) 0.014∗
Week 2 470.34± 243.38 413.91± 208.48 0.848 56.43 (−18.7, 131.5) 0.132

PSL-EMG-Tr1 (μV) Week 1 398.07± 231.36 435.05± 281.16 0.937 −36.98 (−96.3, 22.3) 0.207
Week 2 392.39± 227.36 435.65± 268.89 0.875 −43.26 (−120.4, 33.9) 0.255

80% MVIC

Biodex (N·m) Week 1 29.11± 11.65 28.52± 10.66 0.992 0.60 (−0.3, 1.5) 0.197
Week 2 31.10 ± 11.18 30.95± 11.52 0.986 0.15 (−1.1, 1.4) 0.807

BTS-FREEEMG (μV) Week 1 364.27± 220.15 333.32±183.99 0.934 30.95 (−15.2, 77.1) 0.177
Week 2 387.76± 220.15 356.38± 192.92 0.859 31.08 (−37.13, 99.3) 0.352

PSL-EMG-Tr1 (μV) Week 1 304.71± 198.40 354.03± 218.37 0.872 −49.32 (−115.1, 16.4) 0.132
Week 2 324.07± 185.61 368.97± 233.94 0.916 −44.90 (−97.6, 7.8) 0.090

40% MVIC Biodex (N·m) Week 1 14.41±5.74 14.55± 5.09 0.986 −0.14 (−0.8, 0.5) 0.645
Week 2 15.48± 5.72 15.75± 6.00 0.994 −0.28 (−0.7, 0.2) 0.199

BTS-FREEEMG (μV) Week 1 118.42± 81.22 101.81± 75.70 0.920 16.61 (−2.5, 35.7) 0.084
Week 2 121.36± 75.72 115.91± 69.50 0.906 5.45 (−14.8, 25.7) 0.579

PSL-EMG-Tr1 (μV) Week 1 96.69± 67.98 94.32± 57.30 0.922 2.36 (−14.2, 19.0) 0.768
Week 2 94.98± 53.06 116.68± 72.75 0.832 −21.81 (−43.1, −0.5) 0.045∗

(b) Rectus femoris muscle

MVIC

Biodex (N·m) Week 1 147.80± 40.50 154.08± 36.38 0.948 −6.28 (−13.9, 1.4) 0.103
Week 2 159.18± 46.04 160.05± 45.95 0.981 −0.88 (−6.8, 5.1) 0.762

BTS-FREEEMG (μV) Week 1 147.82± 65.95 144.25± 59.11 0.945 3.58 (−10.0, 17.2) 0.588
Week 2 175.99± 59.53 156.78± 59.53 0.864 19.21 (−2.7, 41.1) 0.082

PSL-EMG-Tr1 (μV) Week 1 123.96±49.66 124.87± 55.45 0.899 −0.91 (−16.1, 14.3) 0.901
Week 2 129.90± 52.05 138.30± 56.79 0.907 −8.40 (−23.2, 6.4) 0.249

80% MVIC

Biodex (N·m) Week 1 115.58± 31.82 121.67± 30.34 0.964 −6.09 (−10.9, −1.3) 0.015∗
Week 2 127.06± 35.52 126.45± 35.75 0.977 0.61 (−4.5, 5.7) 0.805

BTS-FREEEMG (μV) Week 1 118.59± 80.28 115.13± 51.59 0.910 3.47 (−15.0, 21.9) 0.699
Week 2 136.71± 67.52 123.54± 48.67 0.898 13.21 (−2.9, 29.3) 0.103

PSL-EMG-Tr1 (μV) Week 1 95.46± 57.58 101.13± 49.94 0.922 −5.66 (−19.3, 8.0) 0.396
Week 2 100.46± 41.52 109.22± 45.45 0.943 −8.76 (−17.6, 0.1) 0.051

40% MVIC

Biodex (N·m) Week 1 57.70± 15.90 61.50± 15.37 0.956 −3.80 (−6.3, −1.3) 0.005∗
Week 2 63.59± 18.34 63.81± 17.74 0.979 −0.23 (−2.7, 2.2) 0.851

BTS-FREEEMG (μV) Week 1 43.45± 17.65 44.53± 16.57 0.931 −1.08 (−5.2, 3.0) 0.590
Week 2 50.89± 23.43 48.05± 21.21 0.883 2.84 (−4.0, 9.6) 0.393

PSL-EMG-Tr1 (μV) Week 1 36.15± 14.45 39.43± 18.16 0.814 −3.28 (−9.3, 2.8) 0.271
Week 2 38.44± 15.68 41.24± 18.17 0.957 −2.80 (−5.8, 0.2) 0.070

Values are number or mean± SD. MVIC, maximum voluntary isometric contraction; ICC, intraclass correlation coefficients; paired t-test, ∗p< 0.05; CI,
confidence interval.
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Table 2: Normalization of RMS and reliability of BTS-FREEEMG and PSL-EMG-Tr1.

Variable Trial 1 Trial 2 ICC Difference of means (95% CI) p value
(a) Biceps brachii muscle

80% MVIC (%)
BTS-FREEEMG Week 1 78.92± 13.00 84.84± 18.92 0.321 −5.93 (−15.6, 3.7) 0.213

Week 2 81.44± 16.97 84.09± 19.76 0.185 −2.65 (−14.2, 8.9) 0.637

PSL-EMG-Tr1 Week 1 76.10± 14.83 82.08± 19.99 0.030 −5.98 (−17.8, 5.9) 0.306
Week 2 83.14± 15.51 82.62± 17.93 0.246 0.53 (−11.1, 12.2) 0.925

40% MVCI (%)
BTS-FREEEMG Week 1 27.52± 10.17 26.83± 10.89 0.862 0.69 (−2.8, 4.2) 0.683

Week 2 26.86± 9.62 28.01± 11.22 0.662 −1.14 (−6.1, 3.8) 0.636

PSL-EMG-Tr1 Week 1 26.07± 9.39 24.43± 10.10 0.831 1.63 (−1.9, 5.2) 0.350
Week 2 26.07± 9.49 28.16± 11.58 0.307 −2.09 (−8.4, 4.3) 0.500

(b) Rectus femoris muscle

80% MVIC (%)
BTS-FREEEMG Week 1 76.46± 18.41 79.91± 12.59 0.509 −3.45 (−11.9, 5.0) 0.406

Week 2 76.70± 12.19 78.22± 10.13 0.736 −1.53 (−6.4, 3.3) 0.517

PSL-EMG-Tr1 Week 1 74.87± 19.24 80.50± 11.95 0.547 −5.63 (−13.9, 2.7) 0.171
Week 2 77.56± 14.27 78.81± 10.54 0.580 −1.25 (−7.7, 5.2) 0.688

40% MVCI (%)
BTS-FREEEMG Week 1 30.43± 7.32 32.11± 7.78 0.870 −1.68 (−4.0, 0.7) 0.152

Week 2 30.07± 8.18 31.07± 8.06 0.752 −1.01 (−4.4, 2.4) 0.545

PSL-EMG-Tr1 Week 1 29.93± 7.93 32.35± 8.23 0.765 −2.42 (−5.7, 0.8) 0.132
Week 2 30.69± 7.89 30.84± 7.93 0.828 −0.15 (−3.0, 2.7) 0.912

Values are number or mean± SD. MVIC, maximum voluntary isometric contraction; ICC, intraclass correlation coefficients; paired t-test, ∗p< 0.05; CI,
confidence interval.
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Figure 3: *e relationship between BTS-FREEEMG1000 and PSL-EMG-Tr1 data. Data from 20 participants, for a total of 20 points in each
plot. MVIC, maximum voluntary isometric contraction. (a) 40% MVIC (biceps brachii); (b) 80% MVIC (biceps brachii); (c) 40% MVIC
(rectus femoris); (d) 80% MVIC (rectus femoris).
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4. Discussion

In this study, we confirmed the reliability and validity of the
newly developed sEMG device for monitoring muscle ac-
tivity during exercise and in daily life. *e nonnormalized
RMS values measured on both devices showed high re-
liability (ICC: 0.832–0.937 for BB; 0.814–0.957 for RF).
*e normalized RMS values showed good to excellent
validity (r� 0.781–0.907 for BB; r� 0.757–0.965 for RF) and
showed nonsignificant results on the paired t-test (p> 0.05).
Especially in the BB muscle, there was little reliability be-
cause of the low ICC of normalized RMS values.

Gaudet et al. reported the intersession reliability of
maximal contraction of the elbow flexor group (BB, bra-
chialis, and brachioradialis muscles) using sEMG. In this
study, a relatively low ICC (range: 0.57–0.80) was seen in the
BB in intersession single measurement. However, the av-
erage of repeated sEMG measurement was considered to

obtain high reliability rather than single measurement [23].
Kollmitzer et al. evaluated the intersession reliability of
measures of the knee extensor group (RF, vastus lateralis,
and medialis muscles) and found that the overall reliability
was good, especially for the RF muscle [16]. To improve
reliability, testing in the lower limb can be a better choice
than the upper limb and requires repeated measurements
rather than a single measurement. Our study also confirmed
higher ICC in RF than in BB. And our study compared the
single measurements in each trial, which is one of the
reasons for the low ICC. Based on previous studies and our
results, it seems that EMG signal reproducibility has a great
effect on the selection of certain muscles in upper and lower
limbs.

In elderly populations, physical activity is reduced, with
less than one-fifth of elderly individuals engaging in the
recommended level of physical activity [24]. Commercially
available computer-based physical activity monitors have
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Figure 4: Agreement between BTS-FREEEMG1000 and PSL-EMG-Tr1. Means on the x-axis are the average of two sEMG devices for %
MVIC; differences on the y-axis are the difference between the two devices. *e 95% limits of agreement (LOA) are depicted (dashed lines).
*e error bars represent the 95% confidence interval for both the upper and lower limits of agreement. *e 95% LOA include zero,
indicating no systematic bias in performance between the two devices. (a) 40% MVIC (biceps brachii); (b) 80% MVIC (biceps brachii); (c)
40% MVIC (rectus femoris); (d) 80% MVIC (rectus femoris).
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been developed in recent years; these devices can enhance
motivation in elderly individuals, record physical activity,
and support physical exercise [25, 26]. In frail elderly per-
sons, single-repetition maximum resistance training (RT) at
30% MVIC or greater can significantly improve muscle
strength, muscle power, and functional outcomes.*erefore,
supervised and controlled RT can be an effective measure
against frailty [27]. RT also has neuromuscular benefits, and
changes in muscle quality can be monitored via sEMG [28].
Applying wearable devise to monitor physical activities is
good for feasibility and effectiveness and can encourage
exercise through self-monitoring and goal setting [29].
Developing sEMG devices with high accessibility will
therefore be very useful in establishing therapeutic strat-
egies and evaluating the muscle condition of elderly people.
*e newly developed sEMG device is small in size with low
cost, and therefore has good portability (Table 3). *ese
advantages can also increase the accessibility of muscle
monitoring during various physical activities or exercise.

To evaluate the accuracy of the new device, we recruited
young people free of disease and disability. However, el-
derly individuals may have chronic diseases that could
cause peripheral neuropathy or myopathy due to disuse
atrophy, so the quality of surface EMG data may vary.
However, such difficulties would not indicate a problem
with the accuracy of the device itself. In other words, it is
possible to compare muscle activity within one individual,
but caution is needed when comparing individuals with
one another. Despite these limitations, it is very encour-
aging that there is a tool that allows easy and objective
evaluation of muscle quality in elderly people. For the

clinical application of the device, further studies will be
necessary for healthy elderly or sacropenic patients. *is
study had the other limitation that should be addressed: the
electrodes were attached according to the SENIAM guide-
lines, but it is considered that the 2.0 cm interelectrode dis-
tance was the main cause of the lower ICC in this study.
However, this problem will not affect the clinical application
of muscle monitoring over time for people undergoing
monitoring or engaging in exercise, as only one device will be
used. *is is because ICC was also lower in clinically widely
used sEMG device (BTS-FREEEMG1000), and good to ex-
cellent validity was found in normalized RMS values of the
two sEMG devices.

*e newly developed sEMG device is wired for a single
channel, although a wireless model for two or more channels
is under development. A high sampling rate was used for the
sEMG device in this study. Since most signals from the
human muscles have frequency characteristics that are valid
at less than 400Hz, we recommend that the signal analysis
sample more than twice the major quard of interest fre-
quency. While we do not need this sampling frequency for
existing RMS and MDF analysis, we are interested in signal
characteristics that we have not known before by increasing
the maximum sampling frequency. *is will be used for
further study of the characteristics of EMG signals of
damaged muscles. *erefore, the newly developed in-
strument is measuring at a sampling frequency much higher
than the frequency of interest. However, since many burdens
are expected in the signal processing during commerciali-
zation, the sampling rate will be reduced to 2,000Hz; it will
enable fast signal processing and long recording time. In

Table 3: Technical specifications of newly developed sEMG device (PSL-EMG-Tr1; PhysioLab Co., Ltd., Busan, Korea) and BTS-FREEEMG
(BTS-FREEEMG1000; BTS Bioengineering, Milan, Italy).

PSL-EMG-tr1 BTS-FREEEMG1000

Price ∼$500 USD ∼$25,000 USD

Dimensions (mm)
48 L× 93W× 15.5H
Lead wire length

1,100mm (main 500mm; branch 600mm)

EMG probes:
41.5 L× 24.8W× 14H main electrode Ø

16×12 satellite electrode
USB receiver: 82 L× 44W× 22.5H
Charger: 350 L× 185W× 20H

Weight (g) EMG device: 47 g
Lead wire: 41 g

EMG probes: 10 g
USB receiver: 80 g
Charger: 1450 g

Channels 1 channel Up to 10 wireless probes
Bandwidth (Hz) 3–2,000 25–500Hz
Gain (V/V) 25 2,000
Sampling rate (Hz) 30,000 1,000
Common mode rejection (dB) 73 92
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addition, if the EMG signals from the patient’s muscles are
automatically stored and the system is programmed so that
this information can be delivered to medical staff located
elsewhere, the therapeutic value of the device will increase
still further.

5. Conclusion

Signals from the BB and RF muscles, recorded by the
newly developed PSL-EMG-Tr1 device, showed good to
excellent validity and moderate to high ICC values with
nonnormalized RMS values. However, low ICC values were
seen with the normalized RMS values. Although the sEMG
itself may have limitations, it can be overcome somewhat
through repeated measurements and appropriate muscle
selection. Since it has a high correlation compared to
conventional sEMG devices, it can be used as an alternative
to conventional sEMG devices. *e newly developed device
may be effective to evaluate and monitor the condition of
individuals’ muscles during repetitive daily activities or
exercise, and it has higher accessibility and portability than
do conventional sEMG devices.
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There is growing interest in within-person associations of objectively measured physical and physiological variables with
psychological states in daily life. Here we provide a practical guide with SAS code of multilevel modeling for analyzing physical
activity data obtained by accelerometer and self-report data from intensive and repeated measures using ecological momentary
assessments (EMA). We review previous applications of EMA in research and clinical settings and the analytical tools that are
useful for EMA research. We exemplify the analyses of EMA data with cases on physical activity data and affect and discuss the
future challenges in the field.

1. Introduction

Enabled by technological developments, ecological momen-
tary assessment (EMA) [1] using mobile data collection has
become an essential research tool in many fields of social
and behavioral sciences and is continuing to spread to other
areas of sciences. EMA research covers a wide range of
phenomena, including the study of environmental, physical,
physiological, psychological, and sociological factors, using
repeated or continuous recording. Given the widespread
use of EMA methods across the different sciences, various
terms have been used to refer to similar procedures. EMA
methods focusing on self-report data are frequently referred
to as experience-sampling methods (ESM) [2], whereas those
focusing on physical, physiological, or biological data are
often called ambulatory assessments (AA) [3]. However,
we use the term EMA broadly to include all these types
of ecological, intensive assessments. To exemplify, EMA
studies investigate various behaviors, experiences, and envi-
ronmental conditions, including depression [4–6], psycho-
logical stress [7, 8], self-esteem [9], diet [10], self-reported

physical activity [11, 12], smoking [13–15], sexual behavior
[16], compulsive buying [17], social interaction [4, 18], work
activity and satisfaction [8, 19], diabetes management [18,
20], effects of medication [21, 22], asthma [23, 24], allergies
[25, 26], tinnitus [27], and working memory and attention
[28]. In addition, technological developments have enabled
automated EMA of behaviors (e.g., taking medication [29])
and physical environment (e.g., air sampling [26], sampling
in electromagnetic fields [30]). Ambulatory monitoring of
cardiovascular function, using portable cardiac monitors, has
been used for several decades as a tool for understanding the
association between experiences and cardiovascular health
[31]. Recent developments have expanded physiologicalmon-
itoring to other parameters, such as physical activity [32–38],
hypothalamic-pituitary-adrenal axis activity [39–42], blood
glucose [43], skin temperature [44], pulmonary function
[23], and others. Furthermore, these data collections are
widely used to evaluate treatment and intervention of crucial
health-related behaviors in health psychology and behavioral
medicine, such as coping with illness and treatment [45,
46], medication compliance [47, 48], and exercise [49, 50].
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Psychiatric (or psychosomatic) disorders studied with EMA
include a wide range of psychopathology, such as addictive
disorders [51, 52], gastrointestinal disorders [53], sexual dys-
function [54], eating disorders [46, 55, 56], attention deficit
hyperactivity disorder (ADHD) [57, 58], mood dysregulation
[59], anxiety disorders [60–62], depressive disorders [63–65],
bipolar disorder [66], and schizophrenia [67–69].

Why did EMAbecome frequently used in various areas of
researches including clinical settings? One advantage of EMA
methods is that they enable us to study a phenomenon in its
natural environment. A second advantage is that they allow
us to study the time course of target variables. Intensive data
collection enables the exploration of development trajectories
of psychiatric disorders and physical health conditions and
identification of factors that are predictive of these trajecto-
ries. For instance, one study used EMA methods to examine
if spousal responsiveness to verbal expressions of pain in
patients with knee osteoarthritis predicted patients’ physical
function over time [70]. Such fluctuations in the trajectories
cannot be captured by traditional, cross-sectional data col-
lection methods. A third advantage is that EMA enable us
to assess related symptoms with other related factors (e.g.,
physiological states or social and environmental situations)
immediately before and just after disorders (e.g., panic attacks
[62], binge eating [55]), which give us important insights into
pathogenic processes and prevention of psychiatric disorders
and poor physical health.

Many EMA studies have examined how a phenomenon
covaries with variables that may vary across different levels,
including moments (e.g., mood states), days (e.g., work
days versus weekends), persons (e.g., unemployed versus
employed), or other levels (e.g., organizations, seasons) in
various populations, including patients with psychiatric dis-
orders and physical conditions. For example, cardiovascular
reactivity [71–74] and cortisol-related reactivity [39–42, 75]
were reported to be associated with levels of psychological
stress, and changes in pulmonary functions tested by a
spirometerwere associatedwith daily positive/negative affect,
as well as the symptom of shortness of breath in asthma
patients. Health-related behaviors, such as eating [76, 77],
smoking [13, 14], and alcohol consumption [78, 79], exhibited
associations with variation in physical symptoms and psy-
chological states, e.g., craving, positive/negative affect, and
anxiety. Furthermore, associations between physical activity
measured by self-report and daily fluctuations in psycholog-
ical states have been reported [11, 12]. These studies provide
strong evidence that biological/physiological measures vary
in time with momentary symptoms. Thus, the existence of
such objective proxies for subjective symptoms indicates
the possibility of the practical use of them for monitoring
momentary symptoms in a continuous fashion (i.e., without
the need for self-reports). There might also be advantages
in simultaneously using self-reported subjective symptoms
and objective measures to improve the explanation of health
outcomes.

It has been suggested that momentary fluctuations in
behavioral data, specifically those on physical activity cap-
turing bodily acceleration, reflect the dynamics of systems
organizing human behavior and can be used to examine

behavioral disorders, including mental illnesses [32–38].
Indeed, altered physical activity is one of the cardinal signs of
psychiatric disorders and included in their diagnostic criteria
[80]. For example, major depressive disorders (MDD) are
characterized by the presence of symptoms associated with
behavioral alterations, including diminished physical activity,
psychomotor retardation or agitation, and sleep disturbances
[80]. Specifically, several studies using accelerometer have
been conducted with patients with depression, showing dis-
ruption of the circadian rhythm [32–34]. Research has shown
the existence of robust statistical regularities concerning daily
life behaviors, specifically how resting and active periods
derived from physical activity data are interwoven into daily
life [81]. In addition, this research found, in patients with
MDD, a significant alteration of a parameter of the robust law
representing the distribution of resting periods; compared to
healthy subject, these patients exhibited more intermittent
behavioral patterns characterized by reduced mean activity
levels associated with occasional bursts of physical activ-
ity counts [81, 82]. Furthermore, alterations of intermit-
tent properties of physical activity have been reported in
schizophrenia and bipolar disorder [83, 84]. Recent studies
showed the psychobehavioral correlates of temporal diurnal
fluctuations in momentary depressive mood and behavioral
dynamics [85, 86]. The results in these studies suggested
that an increased intermittency of physical activity (i.e.,
low mean level and occasional burst of physical activity)
appeared concurrently with the worsening of depressive
mood in healthy subjects across a wide range of populations
(adolescents, undergraduates, and adult office workers) [85],
as well as in patients with MDD [86]. Furthermore, the
cross validation between healthy subjects and patients with
MDD were confirmed, indicating that the same psychobe-
havioral correlates are shared by both groups [86]. A pilot
study suggested that temporal variations in depressive mood
are affected by underlying changes in physical activity in
older adults. Reduced activity patterns preceded or occurred
concurrently with the worsening of depressive mood rather
than following (Figures 1(a) and 1(b)) [87]. These findings
suggest that physical activity obtained by accelerometer is
a useful measure for evaluating behavioral abnormalities
associated with psychiatric disorders, and that its character-
ization is likely to provide an objective measure for these
disorders. However, other studies have not found support
for associations between some types of mental disorders
or psychological states and physical activity. For example,
a study reported nonsignificant bidirectional associations
between mood (i.e., energetic arousal, valence, and calmness)
and physical activity in inactive university students [88].
Another study showed that physical activity contributes to
an improvement of positive affect, but not a reduction of
negative affect in MDD [89].

In this paper, we describe analytic models that are useful
for analyzing EMA data with cases on physical activity data
and affect. We also offer Supplementary Materials (available
here) with SAS code for how to handle physical activity
data obtained by accelerometer and use multilevel modeling
techniques on EMA data.
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Figure 1: Analytic techniques for physical activity. (a) The temporal associations of depressive mood and local mean of physical activity
which evaluates lower/higher mean activity levels. Estimated values of the univariate multilevel model coefficient for the associations are
shown in a colored matrix form consisting of 25 columns (different location) and 12 rows (different size) in older adults (n = 9). Each grid cell
indicates specific location and size of a time frame used for calculating the local mean of physical activity surrounding each EMA recording
of depressive mood. A color in each cell represents the value of the model coefficient (𝛾10) of the predictors.The false discovery rate with the q
value of .05 was used as the multiple comparison adjustment. Only the significant cases were shown by colors. Note that the univariate model
used for the analysis is as follows. Depressive mood score𝑡𝑗 = 𝛾00 + 𝛾10 (local statistics of physical activity𝑡𝑗) + 𝜁0𝑗 + 𝜀𝑡𝑗 [see [85] for details]. (b)
The same is shown in panels (a), except for the local mean. Local skewness of physical activity, which evaluates asymmetry of a distribution
(i.e., occasional bursts of physical activity in a time window), was used in this panel. (c) A raw physical activity time series for 120 min and
the second-order polynomial line (red). (d) The detrended physical activity derived by subtracting the fitted line for the original data.

2. Analytic Tools and Techniques for
Evaluating Time-Varying Associations
between Physical Activity and Affect

2.1. Multilevel Modeling. Although there are several analyti-
cal approaches to examine the association between physical
activity and affect in daily life (e.g., correlation, regression,
or time series modeling), multilevel modeling is suitable
for addressing unbalanced and hierarchical EMA data. In
EMA data, multiple observations are typically hierarchically
nested within individuals, with the number and timing of
observations varying between individuals (see Figure 2 for an
example of EMA data structure). In addition, EMA studies
usually have missing data due to difficulties in fully comply-
ingwith the schedule. Traditional techniques such as repeated
measures analysis of variance (RM-ANOVA) are not suitable
for analyzing these unbalanced data sets [90]. However, such

data can be handled by the multilevel modeling approach,
which is an extension of traditional regressionmodels and has
been recommended for the analysis of datawith a hierarchical
structure (Figure 2) [90–92].

In multilevel modeling, these within- and between-
individual effects can be handled together in the same model
by incorporating random effects into model coefficients,
i.e., allowing the coefficients to vary across individuals. For
example, a researcher might expect that the average level
of physical activity and the influence of negative affect on
physical activity differ significantly between individuals, and
therefore, model these effects as random intercepts and
slopes, respectively. Although the multilevel model can be
expressed as a single equation, it is easier to understand if it
is initially presented as a set of equations separating within-
and between-individual levels. In EMA analysis, usually
observations are modeled as level 1 (within-individual level)
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Figure 2:Concept plots illustratemultilevelmodeling using hierarchical ecologicalmomentary assessment (EMA) data. (a) An example
of hierarchical data structure in which EMA observations (level 1) nested within days (level 2) nested within subjects (level 3). The number
of EMA observations (t) and days (i) can be different in each subject. (b) Traditional regression model with fixed slope and intercept which
do not vary across subjects. (c) Multilevel model with random intercepts, which vary across subjects, and fixed slopes. (d) Multilevel model
with random intercepts and slopes. The multilevel model can be tested with random slopes and fixed intercepts, but the practical use of the
model may be limited.

units nested within individuals who are modeled as level 2
(between-individuals level) units. An example of multilevel
models is as follows.

Level 1 Equation (Within-Individual [Observation] Level)

𝑌𝑡𝑗 = 𝜋0𝑗 +
𝑛

∑
𝑘=1

𝜋𝑘𝑗 (𝑋𝑘𝑡𝑗 − 𝑋
𝑘

𝑗) + 𝜀𝑡𝑗 (𝑘 = 1, . . . , 𝑛) (1)

where Y 𝑡𝑗 indicates the dependent variable (e.g., negative
affect or depression) tth momentary observation for the
jth subject; 𝑋𝑘𝑡𝑗 is the kth predictor (e.g., physical activity;
k represents the order of predictors) corresponding to the
tth momentary observation for the jth subject; 𝑋𝑘𝑗 is the
personmean of the kth predictor for centering to estimate the
within-person effect of the predictor (physical activity) on the
dependent variable of subjective symptoms [93]; n is the total
number of predictors; 𝜋0𝑗 and 𝜋𝑘𝑗 are the subject j’s intercept
and coefficient (i.e., slope) of the predictor, respectively; and
𝜀𝑡𝑗 is the within-individual residual.

Level 2 Equations (Between-Individual Level)

𝜋0𝑗 = 𝛾00 + 𝛾01𝑍𝑗 + 𝜁0𝑗 (2)

𝜋𝑘𝑗 = 𝛾𝑘0 + 𝛾𝑘1𝑍𝑗 + 𝜁𝑘𝑗 (3)

where 𝛾00 is the average intercept across all subjects; 𝛾𝑘0 is the
average slope across all subjects; 𝑍𝑗 is the between-individual
level predictor representing, e.g., subject’s characteristics; 𝛾01
and 𝛾𝑘1 are the effect of the variable 𝑍𝑗; and the random terms
𝜁0𝑗 and 𝜁𝑘𝑗 are the between-individual residuals.

Combined Model

𝑌𝑡𝑗 = 𝛾00 + 𝛾01𝑍𝑗 +
𝑛

∑
𝑘=1

𝛾𝑘0 (𝑋𝑘𝑡𝑗 − 𝑋
𝑘

𝑗)

+
𝑛

∑
𝑘=1

𝛾𝑘1𝑍𝑗 (𝑋𝑘𝑡𝑗 − 𝑋
𝑘

𝑗) + 𝜁0𝑗 +
𝑛

∑
𝑘=1

𝜁𝑘𝑗 (𝑋𝑘𝑡𝑗 − 𝑋
𝑘

𝑗)

+ 𝜀𝑡𝑗

(4)

When the groups are nested within additional groups, the
data form a 3-level hierarchy and 3-level models can be fitted
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to account for the additional level, e.g., EMA observations
(level 1) nested within days (level 2) nested within individuals
(level 3). An example of 3-level multilevel models is as follows
(combined model is not shown).

Level 1 Equation (Within-Individual [Observation] Level)

𝑌𝑡𝑖𝑗 = 𝜋0𝑖𝑗 +
𝑛

∑
𝑘=1

𝜋𝑘𝑖𝑗 (𝑋𝑘𝑡𝑖𝑗 − 𝑋
𝑘

𝑗) + 𝜀𝑡𝑖𝑗 (𝑘 = 1, . . . , 𝑛) (5)

where𝑌𝑡𝑖𝑗 indicates the dependent variable at the 𝑡thmomen-
tary observation for the 𝑗th subject on the 𝑖th day; 𝑋𝑘𝑡𝑖𝑗
is the 𝑘th predictor corresponding to the 𝑡th momentary
observations for the 𝑗th subject on the 𝑖th day; 𝜋0𝑖𝑗 and
𝜋𝑘𝑖𝑗 are the subject 𝑗’s intercept and coefficient (i.e., slope)
of the predictor on the 𝑖th day, respectively; and 𝜀𝑡𝑖𝑗 is the
observation-level residual.

Level 2 Equations (Within-Individual [Day] Level)

𝜋0𝑖𝑗 = 𝛽00𝑗 + 𝜁0𝑖𝑗 (6)

𝜋𝑘𝑖𝑗 = 𝛽𝑘0𝑗 + 𝜁𝑘𝑖𝑗 (7)

where 𝛽00𝑗 is the subject 𝑗’s intercept. 𝛽𝑘0𝑗 is the subject 𝑗’s
slope; and the random terms 𝜁0𝑖𝑗 and 𝜁𝑘𝑖𝑗 are the day-level
residuals.

Level 3 Equations (Between-Individual Level)

𝛽00𝑗 = 𝛾000 + 𝛾001𝑍𝑗 + 𝛿00𝑗 (8)

𝛽𝑘0𝑗 = 𝛾𝑘00 + 𝛾𝑘01𝑍𝑗 + 𝛿𝑘0𝑗 (9)

where 𝛾000 and 𝛾𝑘00 are the average intercept and slope
across all subjects, respectively; Z𝑗 is the between-individual
level predictor representing, e.g., subject’s characteristics; 𝛾001
and 𝛾𝑘01 are the effect of the variable Z𝑗; and the random
terms 𝛿00𝑗 and 𝛿𝑘0𝑗 represent the residuals on the between-
individual level. See SAS codes in the Supplementary Materi-
als (available here) for the above models.

2.2. Which Statistics Should Be Used to Characterize Physical
Activity? Accelerometer is commonly used to objectively
measure physical activity and capable of detecting large
volumes of small changes in bodily acceleration. A common
accelerometer method is to count zero-crossing activities;
that is, the number of times that the signal crosses zero within
the buffer [94], accumulated to 1-min epochs (we will assume
this method in the discussion below, but there are also other
ways to assess accelerometer data).The accelerometer enables
opportunities to improve the characterization of activity
patterns in daily life but also brings new analytic challenges
despite expanding efforts to address these issues [95]. A
study examined several issues with the use of accelerometer
data on algorithms for the time of wearing or taking off the
device and activity cut-off points for different intensities of
physical activity [96]. The study showed that the choice of
epoch length, which refers to the interval of time over which

the units of accelerometer measures are aggregated (e.g., 15
seconds or 1 minute), may introduce significant errors when
the chosen epoch length mismatches the length originally
used for validating the wear time algorithm and activity cut-
off points. This indicates that wear time or time spent in
different intensities of physical activity cannot be directly
compared across studies unless they used the same epoch
lengths [96].

In addition to characterizing general activity patterns in
daily life, accelerometers are useful tools for estimating the
extent of a person’s movement over a given period of time,
including the intensity, duration, frequency, and the type
of movement [95]. There has been growth in research on
time spent in different intensities of physical activity (e.g.,
sedentary behavior [97–100], light, moderate, and vigorous
physical activity [101–103]), but a common accelerometer
measure is the activity counts per a certain period of time,
which represent total volume of physical activity.

Although there are several important issues to consider
when analyzing accelerometer data, we focus on how to char-
acterize local (i.e., temporal) physical activity patterns sur-
rounding EMA recordings of affect. To extract and character-
ize activity patterns in a temporal time window, researchers
can analyze local statistics of physical activity data up to the
fourth-order moment (i.e., mean, standard deviation [SD],
skewness, and kurtosis) around EMA recordings (e.g., 60-
min local mean of physical activity around the EMA signal).
However, a research group focused on mean and skewness
because they considered first- and third-order moments to
be sufficient to characterize the observed accelerometer data
[85, 86]. While SD (i.e., the second-order moment) is a
standard measure characterizing variability of data, it can be
inappropriate when the data do not approximate a normal
distribution; the distribution of physical activity has non-
negative values, leading to a positively skewed distribution.
Intermittency or non-Gaussianity in natural phenomena is
known to be successfully captured by the higher-order statis-
tics, such as nonzero skewness or larger kurtosis (flatness) of
the probability distribution of the observed data [104, 105],
corresponding to the presence of frequent bursts. Indeed,
the local SD of physical activity did not play a major role
in predicting affect (i.e., depressive mood) scores [85, 86].
In contrast, the skewness, as a measure of asymmetry of a
distribution, is thought to bemore appropriate to characterize
the observed asymmetry. Lower or highermean activity levels
quantify the overall states of physical activity. Higher positive
skewness quantifies occasional bursts of physical activity [81–
83]. Other local statistics of physical activity that can capture
the intermittency in physical activity more robustly, such as
entropy-type nonlinear statistics, can also be considered.

It is important to consider the effect of time of day
on physical activity. A simple way to address this would
be by adding a term for time of day (e.g., every 4 hours
or morning/afternoon/evening blocks) to (1) or (5) as a
controller or moderator [106]. We can also use detrended
activity data [85], where a diurnal trend of activity data is
subtracted by fitting polynomial functions (e.g., the first-
order polynomial to adjust a linear trend) before calculation
(Figures 1(c) and 1(d)), which aims at eliminating effects of
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nonstationarity due to, e.g., daily activities; the effects up the
higher-order polynomials can be systematically examined.

2.3. Considering Size and Location of TimeWindows for Aggre-
gation of Physical Activity Data. One of the most important
questions when examining the association between two (or
more) constructs varying over time is how to address the time
windows (i.e., location and size) that are used to aggregate
each construct.The choice of the size of the time windowmay
be important because it could have a significant impact on
the robustness of the statistics and their temporal coincidence
with the symptoms. Time windows can be chosen either by
using theoretical rationale or by explorative examination. An
example of the latter is described below.

One possible attempt is to systematically vary the size
and location of the time windows to examine their effects
[85]. For example, when the epoch length of physical activity
obtained by accelerometer is 1-min, 60-min local mean or
SD of physical activity is computed from 60 data points,
whereas 5-min local statistics are computed from 5 data
points. Theoretically, the larger the size of the time window,
the greater the stability and reliability of the estimates.
However, the choice of larger time windows may obscure
more transient fluctuations in the relations between physical
activity and self-reported symptoms. Prior studies have used
many different sizes of time windows to understand the
associations between physical activity and affect states. There
are many studies that have focused on very short time
windows: 5-30 min [101, 103, 107, 108], which may be useful
to check transient associations among target variables or
examine health benefits from an even short period of physical
activity. One study systematically varied the size of time
windows from 5 min (transient) to 2 hours (medium) with
a 5-min time interval to test proper time windows predicting
depressive mood [85]. Another study used medium (4 hours)
time windows of physical activity to compare with affect
states assessed every 4 hours [11]. The associations between
physical activity and affect on a day level (i.e., relatively long
time window) have also been examined [109, 110]. Day-level
time windows to aggregate physical activity may be used to
examine overall associations with daily affect or event (e.g.,
sleep), but this examination is sometimes pragmaticallymade
due to the limitation of sparse sampling (i.e., no observations
within a day).The size of time windows largely depends upon
the research question, but given the large freedom researchers
typically have in selecting the size of time windows it is
important that future research evaluates the reproducibility
of the time-specific effects.

In addition, the choice of the location of the time
window plays an important role in the investigation of causal
associations, such as whether physical activity precedes or
follows changes in momentary symptoms. There is scarcity
of research on the bidirectional association between physical
activity and momentary symptoms. Some studies showed
that physical activity influences mental health benefits [108,
111], whereas others focused on how subjective symptoms
predict subsequent physical activity [102, 108, 112]. However,
it is a complicated domain and careful consideration of such
a trade-off is important, although the optimal choice might

be difficult to predict. Figures 1(a) and 1(b) are examples
that show an examination of the temporal associations of
depressive mood and local mean or detrended skewness of
physical activity. Estimated values of the univariate multilevel
model coefficient (i.e., slope) for the associations are shown
in a colored matrix form consisting of 25 columns (different
location) and 12 rows (different size). We considered 25
different locations (−60, −55, −50, . . ., 55, 60 min) and 12
different sizes (120, 110, 100, . . ., 20, 10 min). In total, we
considered 300 combinations (25 locations × 12 sizes) for
local statistics of physical activity to examine the association
with depressivemood assessed byEMA.More specifically, the
top left cell in Figure 1(a) represents the model coefficient for
the association between depressive mood (EMA) and local
mean which calculated from the 10-min size of time window
60 min before EMA (i.e., from −60 to −50 min before EMA).
Thus, the colored matrices generally show reduced mean or
(detrended) positively skewed activity patterns preceded or
occurred concurrently with a higher level of depressive mood
rather than following.The false discovery ratewith the q value
of .05 was used as the multiple comparison adjustment [113].

Although we discussed the size and location of time win-
dows which are important when we explore the relationship
with self-reported symptoms, the underlying mechanism
of sustainability and causality alterations in the levels and
patterns of physical activity with affect is uncertain. Further
study using the data of high temporal resolution is necessary
to clarify this question.

3. Further Challenges

Behavioral patterns characterized by reduced activity and
intermittent bursts during low activity periods, as mea-
sured by accelerometer, are associated with EMA reports of
worse depressive mood in healthy adolescents, older adults,
undergraduates, office workers, and patients with MDD.This
suggests that behavioral monitoring by the accelerometer
may contribute to the identification of changes in subjective
symptoms and improved management of these symptoms.
While prior studies successfully provided a psychobehavioral
measure based on accelerometer data, other types of time-
varying changes in daily life should be examined to under-
stand the associations between objective/subjective measures
and health-related outcomes.

Many researchers and clinicians these days on the behav-
ioral sciences and other scientific disciplines use mobile
data collection incorporating information and communi-
cation technologies (ICTs), which enables a more refined
understanding of psychiatric disorders including associations
among various behavioral/physiological/biologicalmeasures.
Furthermore, wearable devices (e.g., smartwatch) are increas-
ingly popular to monitor health outcomes such as physical
activity, sleep, and heart rate. The abundant information
extracted from wearable devices is provided to numerous
users often via smartphone applications and have great
potential to elicit useful data for health outcomes in aca-
demic fields. Another challenge is how to use this informa-
tion for improved monitoring, management, and interven-
tion of health-related behaviors. For example, the concept
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of ecological momentary interventions (EMIs), in which
real-time interventions are delivered to individuals during
their everyday lives in natural settings, is a core elemental
technology that is used for novel treatments of diseases
including psychiatric disorders [114]. In addition, emerging
electronic devices will make “context-sensitive prompting”
possible, where questions are automatically triggered based
on the subject’s behavior, location, physiological states, past
responses, and social interactions, which is considered useful
for detecting early signs of psychiatric disorders and their
pathological transitions [106, 115].However, actual realization
and examination for these novel techniques are necessary in
further studies.

4. Conclusion

In this paper, we introduced the multilevel modeling
approach, which is useful for analyzing EMAdata with obser-
vations hierarchically nested within individuals. Although
new analytic challenges arise with addressing accelerometer
data, it allows for nuanced characterizing of the temporal
pattern of physical activity and its correlates. We exemplified
different kinds of statistics (e.g., mean and skewness) of phys-
ical activity to extract activity patterns in various temporal
time windows (i.e., size and location around EMA) which can
be widely used according to research questions, but further
studies using different types of statistics with a high temporal
resolution are necessary to clarify these issues. Detailed SAS
codes of multilevel models are shown in the Supplementary
Materials.
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Methylmercury is widely known to be a toxic substance in the human, especially a nervous system. However, it is difficult to
accurately measure the amount of methylmercury in blood, and the form of methylmercury is variously presented. The purpose
of study was to compare the total mercury and methylmercury measurements techniques and detection levels between analytical
institutions in two countries using the same elderly human blood samples. Total mercury using gold amalgamation direct mercury
analysis method (both) andmethylmercury using the dithizone extraction and gas chromatography-electron capture detector (GC-
ECD)method (N Lab in Japan) and the cold vapor atomic fluorescence spectrophotometer (CVAFS)method (D Lab in Korea) were
measured in 47 subjects who agreed to participate in this study. Total mercury concentrations in both analytical laboratories were
observed at similar levels (9.4 versus 9.5 ug/kg, p=0.898) and the distribution was highly correlated. However, the concentration of
methylmercury showed some difference between two laboratories (9.1 versus 8.6 ug/kg, p<0.001). Due to different recovery rates
by different analytical methods, it is assumed that the methyl/total mercury ratio in N lab in Japan was higher than D lab in Korea
(96.8 versus 90.4%, p<0.001). The GC-ECD was more sensitive method than CVAFS in methylmercury analytic techniques.

1. Introduction

Mercury is present in various forms of elemental mer-
cury (Hg

0
), inorganic mercury (HgCl

2
), and organic mer-

cury (CH
3
HgCl) and exhibits various human toxicities

according to the properties [1]. Organic mercury, especially
methylmercury, caused a poisoning of fatal neurotoxicity [2–
5]. Methylmercury at high doses is extremely well docu-
mented as a human neurotoxin, with effects mainly on the
motor and sensory systems, especially in the area of sensory-
motor integration. As with all chemicals, the amount of
exposure and susceptibility of the host determine the effects
[6, 7]. But nervous system effects in elderly have been used
in establishing limits aimed at protecting the public’s health

[8–10]. Methylmercury is highly absorbed by humans (> 95%
of the mercury ingested is absorbed by the body), and the
fraction absorbed seems to be independent of the type of food
[11–13].

Most of the current clinical studies on mercury exposure
to elderly focus on measuring total mercury concentrations.
Analysis on species of mercury, however, provides valuable
information on possible contamination paths as well as
mercury species distributions among different populations.
Blood is usually analyzed to assess human mercury exposure
[6]. Mercury species analysis, especially in the blood, can
provide information about mercury sources. It is important
to develop efficient tools to monitor human exposure to
mercury, particularly species analysis [14, 15]. However, the
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Table 1: The analytical conditions of instruments and recovery test result by instruments.

Total mercury Methylmercury
Recovery test results∗

D Lab %R(%RSD) 101 % (0.4%) 106 % (5.0%)
N Lab %R(%RSD) 99 % (2.8%) 101 % (1.4%)

Methylmercury analytic conditions of instruments

D Lab Temperatures of the instruments were 65∘C for digestion, 400∼500∘C for
desorption, respectively.

N Lab GC conditions Temperatures of the injection port, column oven and detector were
180∘C, 160∘C and 200∘C, respectively.

%R: recovery rate and%RSD: recovery standard deviation. ∗Both Lab’ QC material was CRM (SRM 955c level 3).

problem of species separation analysis is that the matrix-
dependent alkylation and dealkylation reactions can occur
in the sample preparation and separation stages, leading to
misjudgment. In the case of total blood mercury concentra-
tion analysis method, it was established to some extent, but a
variety of analysis of methyl mercury was still proposed.

The gas chromatography-electron capture detector (GC-
ECD) method and the cold vapor atomic fluorescence spec-
trophotometer (CVAFS) method are suggested for the analy-
sis of methylmercury, and there are few studies that directly
compare each method. Therefore, the authors conducted a
comparative analysis of total mercury and methylmercury
concentration using the same human sample in the analysis
institutes of two countries using each analysis method.

2. Materials and Methods

2.1. Study Subjects and Sample Collection. The subjects of this
study were participated from the campaign for the analysis
of heavy metals in the local elderly residents’ blood samples
in 2015. The subjects agreed to participate in the study and
completed the consent form. The subjects of the study were
30 males and 17 females. We collected the sex and age data
for further analysis.

2.2.Metal Analysis. N laboratory in Japan analyzed totalmer-
cury in blood samples by a thermal decomposition amalga-
mation AAS (MA-3000, Nippon Instruments Corp., Japan).
And the methylmercury concentrations were determined
using the dithizone extraction and gas chromatography-
electron capture detector (7890b, Agilent Technologies, USA)
method [14]. D laboratory in Korea analyzed total mercury in
blood samples by a gold amalgamation direct mercury ana-
lyzer (NIC-3000, Nippon Instruments Corp., Japan). And the
methylmercury concentrations were determined using the
cold vapor atomic fluorescence spectrophotometer (MERX,
Brooks Rand Co., USA) method [16]. The analytical condi-
tions of instruments and recovery test result by instruments
were described in Table 1.

2.3. Statistical Analysis. This study conducted mean compar-
ison analysis by sex group between two analysis laboratories.

The significance level was 5% (p<0.05) in each test, and
STATA/SE 12.0 (StataCorp., College Station, TX, USA) was
used in all the statistical analyses.

2.4. Ethics. The protocol of this study was reviewed and
approved by the Institutional Review Board of the Dong-
A university hospital (IRB No. 13-010). Written informed
consent was provided by all of the participants.

3. Results

3.1. Comparison of TotalMercury Concentration. Thesubjects
of the study were 30 males and 17 females. The average age
was 58.6 ± 1.4 years, 60.8 ± 1.6 years for men and 54.6 ± 2.7
years for women. Total mercury concentrations of all subjects
in D laboratory were 9.5 ug/kg and that by gender were 9.0
ug/kg for male and 10.5 ug/kg for female. Total mercury
concentration of N Laboratory results by gender showed that
female was higher than male in 9.4 ug/kg for all subjects,
8.8 ug/kg for male and 10.4 ug/kg for female, and correlation
coefficient for all subjects was 0.9981 (Figure 1(a)). So total
mercury concentrations of both laboratory were similar (p =
0.898) (Table 2).

3.2. Comparison of Methylmercury Concentration. Methylm-
ercury concentration in D laboratory was found to be 8.6
ug/kg for all subjects and 8.2 ug/kg for male and 9.4 ug/kg for
female. N laboratory results showed that female was higher
than male at 9.1 ug/kg for all, 9.9 ug/kg for female, and 8.6
ug/kg for male (Table 2) and correlation coefficient of all
subjects was 0.9881 (Figure 1(b)).

3.3. Comparison of Methyl/Total Mercury Concentration
Ratio. As a result, the ratio of methyl/total mercury ratio in
D laboratory was 90.4% for all, 90.8% for male and 89.8% for
female. N laboratory analysis results showed 97.6% for male,
95.4% for female, and 96.8% for all and correlation coefficient
of all subjects was 0.1278 (Figure 1(c)). Respectively, N
laboratory showed slightly higher value in concentration
ratios between the two institutions (p<0.001) (Table 3).
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Figure 1: Distribution and correlation coefficient (r value) of (a) total mercury concentration, (b) methylmercury concentration, and (c)
methyl/total mercury concentration ratio between D Lab in Korea and N Lab in Japan.

4. Discussion

When the results of the two analytical institutions were
compared, the total mercury concentration of D laboratory
was 0.01 ug/kg higher and the methyl/total mercury ratio of
that was 6.5% lower. Betweenmale and female, total mercury
concentration in female was higher than that of male, but
the ratio of methyl/total mercury was higher in male than
female (Table 2). The agreement of concentration in total
mercury and methylmercury was high at low concentration
of them, but the higher concentration of them, the lower the
agreement of analysis results of two institutions. As a result,

the difference of methyl/total mercury concentration ratio
between the two institutions was high (Figure 1).

Total mercury concentrations in both analytical laborato-
ries were observed at similar levels and the distribution was
highly correlated. However, the concentration of methylmer-
cury in N laboratory was much higher than that of D lab-
oratory because of the difference in analytical methods and
some concentrations of methylmercury in N laboratory were
higher than the total mercury concentration of N laboratory.
This is probably due to the difference in the method and
recovery rate of total mercury and methylmercury. In the
case of methylmercury, the results of CVAFS analysis were
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Table 2: General characteristics and mercury mean concentration of analysis specimens.

Total Male Female
N (%) 47 (100) 30 (63.8) 17 (36.2)
Age (years)∗ 58.6 ± 1.4 60.8 ± 1.6 54.6 ± 2.7
D Lab Results

Total mercury (𝜇g/kg)∗∗ 9.5 [7.6, 11.8] 9.0 [6.7, 12.1] 10.5 [7.4, 15.0]
Methylmercury (𝜇g/kg) ∗∗ 8.6 [7.0, 10.6] 8.2 [6.2, 10.8] 9.4 [6.7 13.3]
Methyl/total ratio(%) 90.4 [88.9, 91.9] 90.8 [88.8, 92.7] 89.8 [87.4, 92.2]

N Lab Results
Total mercury (𝜇g/kg) ∗∗ 9.4 [7.4, 11.8] 8.8 [6.5, 12.0] 10.4 [7.2, 15.1]
Methylmercury (𝜇g/kg) ∗∗ 9.1 [7.2, 11.4] 8.6 [6.3, 11.7] 9.9 [6.8, 14.4]
Methyl/total ratio(%) 96.8 [95.0, 98.6] 97.6 [96.2, 99.2] 95.4 [91.1, 99.9]
∗: mean ± SE (standard error) and ∗∗: geometric mean [95% confidence intervals]

Table 3: Mean difference of mercury mean concentration and methylmercury/total mercury ratio between D Lab and N Lab.

Categories Total (n-47) Male (n=30) Female (n=17)
Total mercury (𝜇g/kg)∗ -0.01 [-0.14, 0.12] -0.04 [-0.19, 0.11] 0.05 [- -0.21, 0.30]

p-value∗∗ 0.898 0.600 0.699
Methyl mercury (𝜇g/kg)∗ 0.96 [0.69, 1.34] 1.04 [0.48, 1.61] 0.86 [0.18, 1.54]

p-value∗∗ <0.001 <0.001 0.017
Methyl/total ratio (%) 6.5 [4.4, 8.6] 7.2 [5.6, 9.1] 5.2 [ 3.8, 8.1]

p-value∗∗ <0.001 <0.001 0.013
∗: differences were calculated by N Lab results minus D Lab results, arithmetic mean [95% confidence intervals].
∗∗p-values were calculated by one-sample mean comparison test (mean = 0) for difference between D Lab and N Lab.

lower than those of GC-ECD in both analytical methods, and
GC-ECD analysis showed higher levels of methylmercury.
However, at 10 ug/kg or less, it is reasonable to conclude that
there is no difference in analysis at these low concentrations.
The difference between the two methods of analysis is that
the differences in the detectors are the most prominent [17,
18]. In this study, some concentration of methylmercury
were higher than total mercury concentration in N Lab; it
was due to the difference between the analysis methods of
methylmercury and total mercury, because methylmercury
is a major part of mercury in the blood and the analysis
of total mercury does not reflect all of the mercury in the
blood. A Korean study found that the ratio of methylmercury
to total mercury concentration was 85.1% in students with
high total concentrations of blood mercury and 85% and
91% inmaternal blood and umbilical cord blood, respectively
[19]. In the United States, the ratio of methyl/total mercury
concentration was increased with age, and the average ratio
of Asian in the US was 0.85, which was close to 0.9 in the 60s.
In this study, D laboratory showed similar concentration and
N laboratory showed very high results in the 60s as the US
study [20].

5. Conclusion

This study results was higher or similar to those of previous
studies because this is probably due to differences in the
analysis subjects. In this study, it was the limitation that the
subjects were not able to correct dietary habits and the age

of the subjects was high. However, it is very advantageous
in that the same elderly study subjects were compared and
analyzed quantitatively of methylmercury according to the
different analysis methods.
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Mobile electrocardiogram (ECG) monitoring is an emerging area that has received increasing attention in recent years, but still
real-life validation for elderly residing in low and middle-income countries is scarce. We developed a wearable ECG monitor
that is integrated with a self-designed wireless sensor for ECG signal acquisition. It is used with a native purposely designed
smartphone application, based on machine learning techniques, for automated classification of captured ECG beats from aged
people. When tested on 100 older adults, the monitoring system discriminated normal and abnormal ECG signals with a high
degree of accuracy (97%), sensitivity (100%), and specificity (96.6%). With further verification, the system could be useful for
detecting cardiac abnormalities in the home environment and contribute to prevention, early diagnosis, and effective treatment of
cardiovascular diseases, while keeping costs down and increasing access to healthcare services for older persons.

1. Introduction

Cardiovascular diseases (CVD) have remained the leading
cause of death globally during the last 15 years. An estimated
17.7 million people died from CVD in 2015, representing 31%
of all global mortality. Of these deaths, approximately 6.9
million were in people aged 60 years and older, and over 75%
occurred in low and middle-income countries (LMIC) [1, 2].
LMIC are more greatly affected than high-income coun-
tries [3–5], largely because people with low socioeconomic
status have poor access to healthcare for early diagnosis
and treatment of CVD [5]. An increasing urgency exists to
tackle CVD in LMIC through effective strategies, guided
and monitored by robust estimates of disease prevalence
and burden [6]. Thus, technological innovations, including
mobile and wireless technologies, are now being developed
to improve prevention and control of CVD, and other aspects

of healthcare, particularly for older people residing in LMIC
[7–9].

The growing application of smartphone technology, due
to decreasing costs and increased ease-of-use, combined
with parallel advances in sensing technologies, is causing
a shift from traditional clinic-based healthcare to real-time
monitoring. This shift is supported by the development of
mobile personal health monitor (PHM) systems, which are
personalized, intelligent, reliable, and noninvasive [10, 11].
PHM systems could improve the quality of care, while
reducing costs through timely detection [12–14].

Mobile PHM systems typically consist of a Body Area
Network—a set of wearable sensors with wireless data trans-
fer and energy storage capability—integrated by a smart-
phone as the central processing unit (Figure 1). The physio-
logical signals are processed in real-time by applyingmachine
learning techniques, providing immediate feedback to the
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Figure 1: General architecture of a mobile personal health monitor system.

user. The data can also be made available to healthcare
providers for medical feedback and clinical support [15–17].

PHM systems that offer mobile electrocardiogram (ECG)
monitoring have received increasing attention in recent years
[18–20]. ECG records are used for screening, diagnosis,
and monitoring of several heart conditions from minor to
life threatening. Hence, ECG monitoring is a critical and
an essential part of healthcare delivery for older adults
[17]. Therefore, PHM systems that incorporate ECG data
would offer mobile physiological, diagnostic, prognostic,
therapeutic, surveillance, and archival capabilities [18, 19]
in a wide range of situations, including rural zones, areas
lacking cardiologists, and population of solitary elderly, many
of whom live alone in their own homes and are restricted
physically [21].

However, although a number of PHM systems that collect
ECG data have been developed, some of these do not
include classification methods for automated detection of
arrhythmias or other abnormalities. Among those validated,
Kwon et al. proposed a smartphone-integrated ECG mon-
itoring system that works opportunistically during natural
smartphone use [22]. The system captured ECG reliably
in target situations with a reasonable rate of data drop.
Depari et al. developed a single-lead ECG tracing acquisition
system based on a smartphone, with a purposely designed
application to demodulate the audio signal and extract, plot,
and store the ECG tracing [23]. Dinh designed a wearable
unit for detecting and sending ECG signals wirelessly to a
smartphone [24]. Yu et al. developed a wireless two-lead ECG
sensor that transmitted data via Bluetooth and processed and
displayed the ECG waveform on a smartphone, all with low
power consumption for long-term monitoring [25].

Other PHM systems use commercial monitors or do
not provide an intrinsic method for classify ECG signals.
Lee et al. designed a wireless system for acquisition and
classification of ECG beats integrated with a smartphone.

Abnormal beats and other symptoms were diagnosed by
cardiologists from results displayed on the screen. Accuracy
of beat classification was 97.25% [26]. Miao et al. developed a
wearable ECG monitoring system using a smartphone, with
automated recognition of abnormal patterns via decision
trees in a WEKA environment [27]. The system achieved a
2.6% discrimination ability [28]. Oresko et al. developed a
smartphone-based application for real-time CVD detection,
using a commercial ECG heart monitor and an adaptive arti-
ficial neural network (NN) algorithm for signal preprocessing
and classification [29]. The system was trained using the
MIT-BIH arrhythmia database [30] and retrained based on
real ECG recordings, ultimately demonstrating classification
accuracy of 93.32%. None of the aforementioned studies [22–
26, 28, 29] reported considerations in software design to
address end-user usability and acceptance of mobile PHM
systems in older adults.

To improve on previous systems, it would be necessary to
enhance the capture as well as the automated classification of
ECG signals. We developed a complete mobile PHM system,
integrated with a self-designedwireless sensor for ECG signal
acquisition, and a native purposely designed smartphone
application to be user-friendly to elderly, based on machine
learning techniques, for automated classification of captured
ECG beats. The signal sensing and transferring process
uses a two-lead ECG sensor with Bluetooth technology and
an artificial NN approach for identifying abnormal ECG
patterns.

The rest of this paper is organized as follows. The
methodology of the proposed PHM system is presented
in detail in Section 2; the experimental results for ECG
signals acquisition, wireless transmission, and assessment of
recognition accuracy are shown in Section 3; we conclude our
study in Sections 4 and 5, with discussion, limitations, and
perspective for further research.
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2. Materials and Methods

The PHM system described in this report operates in five
stages: sensing, transferring, classification, immediate feed-
back, and clinical support (Figure 2). The captured ECG
tracings are transmitted and displayed in real-time on a
smartphone screen. The presence or absence of arrhythmias,
determined using machine learning analysis, is included
and is shared via email with healthcare professionals for
verification of abnormal ECG patterns.

2.1. ECG Sensor. The sensor design includes acquisition,
amplification, filtering, digitalization, and transmission of
ECG signals. Three identically sized electrodes and low
frequency amplifiers are used to capture the signals and the
coupling of impedances. The signal is filtered through low-
pass and high-pass filters to improve the signal/noise ratio.
The processed signal is then digitized and transmitted by an
analog-to-digital converter and Bluetoothmodule embedded
in a microcontroller unit. A 9V primary lithium battery with
1200 mAh capacity powers the ECG sensor.

To acquire reliable ECG signals, two electrodes are
attached to the chest as precordial leads V1 andV2 positioned
in the fourth intercostal space to the right and left of the
sternum, respectively, because incorrect positioning of the
precordial electrodes changes the ECG significantly [31],
and a reference electrode is placed far from these on the
right leg (Figure 3). The reference electrode plays the role
of driving the user’s body to attenuate the common mode
noise caused by external electromagnetic interference [32].
The analog input signal from two lead electrodes was initially
amplified through an AD620 differential instrumentation
amplifier [33]. Before the next amplifier stage, we coupled the
impedance using a TL082 operational amplifier, configured
as a voltage follower [34].

The current configuration uses an instrumental amplifier,
based on an encapsulation with four LM324 operational
amplifiers [35], to amplify the signal with a noninverter

amplifier, then filter it, and add voltage (Figure 4). A low
power OP97E operational amplifier [36] closes the circuit,
protects the user from static charges, and suppresses voltage
transients. Two LM324 operational amplifiers act as Butter-
worth filters, to generate an appropriate low-noise signal that
fits within the input range of the analog-to-digital converter
[37]. A low-pass active filter with a corner frequency of 40
Hz and a second-order high-pass filter with cutoff frequency
of 0.5 Hz remove unnecessary frequency components of the
ECG signal. Because the signal obtained consists of positive
and negative parts, it was necessary to add a positive carrier
signal. To recompose the signal, we used operational LM324
amplifiers as noninverter adders of the two inputs, fed by the
ECG signal and a variable power source of 0–9 volts. This
increases or decreases the carrier signal, as appropriate. A pair
of equal resistances is added, one to the input of the analog
signals and another from the inverter input of the operational
amplifier to the circuit ground.Thus, the output signal has the
same frequency, but with only positive voltage values, and is
ready to be read by any microcontroller.

The BlendMicro of Read Bear Labs [38], which combines
the Atmega32U4 microcontroller unit with a Bluetooth Low
Energy (BLE) module [39, 40], is used for microcontroller
processing of the signal. Generic Access Profile (GAP)
controls connections and advertising in BLE standard and
determines how two devices interact with each other by
assigning roles. The ECG sensor and smartphone are defined
as peripheral and central devices, respectively. GAP sends
advertising out as Advertising Data payload, which can
contain up to 31 bytes of data and constantly transmits from
the sensor to the smartphone. After a dedicated connection
is established, the advertising process stops, and BLE uses
Generic Attribute Profile (GATT) services and characteristics
to communicate in both directions.This connection is exclu-
sive, because a BLE peripheral only can be connected to one
central device at a time.

Communication is established through a generic data
protocol, Attribute Protocol, which is used to store services,
characteristics, and related data in a simple lookup table.
GATT transactions in BLE operate as a server/client rela-
tionship. The GATT server is the peripheral that holds the
Attribute Protocol, and the GATT client (smartphone) sends
requests to this server. All transactions are started by themas-
ter device, the smartphone, which receives responses from
the slave device, the ECG sensor. A simple Universal Asyn-
chronous Receiver Transmitter type interface [41] defines a
custom service containing two specific characteristics for the
channels of transmission and reception of the ECG signal.

2.2. Neural Network Approach. We use a three-layered, feed-
forward NN approach, built through Matlab NN toolbox
[42], for automated classification of acquired ECG tracings.
A scaled conjugate gradient back-propagation algorithmwith
random weights/bias initialization is used for the train-
ing stage. The transfer functions are sigmoidal hyperbolic,
logarithmic tangential, and lineal. Performance of the NN
system was tested with a cross-entropy error function using
the mean-squared error parameter, computed for differences
between the actual outputs and the outputs obtained in each
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trained step.The training ended if the total sumof the squared
errors was <0.01 or when 3000 epochs were reached. The
target outputs for normal and abnormal ECG patterns were
(0,1) and (1,0), respectively.

2.3. Data Processing. ECG data for training was obtained
from a publicly available source, the Physikalisch-Technische
Bundesanstalt Diagnostic ECG Database [43]. This bench-
mark database contains 549 two-minute digitized ECG
records of 290 subjects (mean age 57.2 y; 27.9% women)
provided by the National Metrology Institute of Germany.
The ECG data includes 15 simultaneously measured signals:
the conventional 12 leads, plus 3 Frank Lead ECGs. Each
signal is digitized at 1000 samples per second, with 16-bit
resolution over a range of ±16 mV and 1 KHz sampling
frequency.

We selected data from 268 subjects with clinical sum-
maries available. These included a variety of diagnostic
classes: 52 healthy controls, 148 myocardial infarctions, and
68 with other cardiac abnormalities. ECG beats were classi-
fied in normal and abnormal heartbeat patterns from ECG

records reported as regular and irregular cardiac rhythm.
LeadV1was chosen for the analysis, because it has the highest
ratio of atrial to ventricular signal amplitude and, therefore,
offers more representative characteristics for identifying the
common heart diseases [44, 45]. To avoid overfitting and
improve the generalization capability of the NN approach, we
added simulated ECG data with artificial corruption, using
a Gaussian white-noise model [46], to generate 110 normal
and 72 abnormal virtual ECG tracings. The global training
dataset contained 8000 beats from all 450 records, for feature
extraction of ECG patterns.

The trained NN system was tested on participants of the
Maracaibo Aging Study [47], which has 2500 subjects ≥ 55
y of age. One hundred voluntary subjects (mean age 73.5
± 11.8 y; 74% women) were recruited in the Institute for
Biological Research of the University of Zulia, in Maracaibo,
Venezuela. All 100 subjects had a previous ECG diagnostic
performed by an expert cardiologist, and 13 were diagnosed
with some type of cardiac arrhythmia. These ECG records
were classified as abnormal and the rest as normal ECG
patterns. Recruited participants had reasonable smartphone
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skills and were assertive about using new technologies.
Each volunteer was instructed how to use the smartphone
application and underwent 16-second ECGmonitoring using
the PHM system. ECG acquisitions were performed and
supervised by medical staff. The ethical review board of the
Institute of Cardiovascular Diseases of the University of Zulia
approved the protocol. Informed consent was obtained from
each subject or a close family member.

2.4. Software Development. We use Matlab Compiler SDK to
save the trainedNN as aMatlab function into a shared library
for use in an external framework [48]. The smartphone
application for plotting the acquired ECG tracing on screen
and for return NN output was developed in an Android
Studio development environment. The Android Bluetooth
serial port profile library [49] establishes the connection
with the wearable ECG sensor. Android multithreading
[50] allows the smartphone to maintain normal operations,
while receiving real-time ECG signals. To make the Android
application user-friendly to elderly subjects with reduced
vision and manual dexterity, we use a simplified Graphic
User Interface with a bright screen, large text and numbers,
and simple input buttons with touchscreen technology, all
of which have been proven to be efficient for older adults
[51]. To provide accurate diagnostic and medical support,
application settings include the option to sending screenshots
of ECG signal and classification results via email to previously
specified healthcare professionals. To assure privacy, reports
forwarded to selected recipients lack personal identification,
which is already associatedwith the source email address.The
system can be configured to automatically send ECG profiles
at the end of each monitoring period or only when abnormal
ECG patterns are detected.

3. Results

3.1. Acquisition of ECG Signal. A prototype of the PHM sys-
tem is shown in Figure 5, and the performance characteristics
of the ECG sensor device are given in Table 1. Processing
of the ECG tracing, from the first stage of amplification
to display on the smartphone, includes (a) amplification by
the AD620, (b) coupling of impedance through the TL082,
(c) amplification through the LM324, (d) filtering through
the low-pass filter, (e) filtering with the high-pass filter,
and (f) digitalization and transmission of the positive ECG
signal (Figure 6). The analytical process is displayed on the
smartphone (Figure 7).

3.2. ECG Classification. When the NN approach was trained
on 450 records of the training dataset, the mean-squared
error convergence goal (0.0052) was reached in 802 epochs.
The best performance was obtained using 10 neurons in
the hidden layer of the NN system (Figure 8). Overall
classification accuracy in training stage was 97.3%. Correct
classification was 92.6% for normal and 100% for abnormal
ECG patterns.

When performance of the trained NN approach was
tested on real ECG tracings from the test dataset, classifica-
tion accuracy was 97%. The results are shown in a confusion

Figure 5: Prototype of the self-designed ECG sensor device.

Table 1: Performance summary of the ECG sensor device.

Technology
Low-Power Microchip
8-bit AVR RISC-Based

Microcontroller
Supply Voltage 3.3 V
Input Impedance 100 MΩ

Frequency
Response

Range 0.1Hz and
Internal 8MHz

Calibrated Oscillator
Common Mode
Rejection Ratio >90dB

Gain 45
Sampling Rate 9.6KHz
Data Bit-Width 8 bits

Table 2: Confusion matrix for classification of the test dataset.

True output
Estimated output Normal Abnormal
Normal 84 0
Abnormal 3 13

Table 3: Total test performance of the mobile PHM system.

Evaluation metrics Values (%)
Sensitivity 100
Specificity 96.6
Accuracy 97
Precision 81.3

matrix, where each cell contains the number of ECG records
classified for the corresponding combination of estimated
and true outputs for normal and abnormal ECG patterns
(Table 2).

The total test performance was determined by evaluation
metrics (Table 3): accuracy (ratio of the number of correctly
classified ECG signals to the total number of ECG signals
classified), sensitivity (rate of correctly classified abnormal
ECG signals among all abnormal ECG signals), specificity
(rate of correctly classified normal ECG signals among all
normal ECG signals), and precision (rate of correctly classi-
fied abnormal ECG signals among all of detected abnormal
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(a) (b) (c)

(d) (e) (f)

Figure 6: ECG signal processing: (a) first stage of amplification; (b) impedance coupling; (c) second stage of amplification; (d) low-pass
filtering; (e) high-pass filtering; (f) positive ECG signal on smartphone screen.

Figure 7: Screenshots of ECG analysis process on smartphone.

Figure 8: Neural network architecture with the best performance.

ECG signals). These metrics are relevant to performance
for medical diagnosis applications [52]. Finally, a posterior
survey indicated that the majority of the participants found
the smartphone application easy to use and considered the
time spent learning how to use the mobile ECG monitoring
system was reasonable.

4. Discussion

Recent technological advances in integration and minia-
turization of physical sensors and increasing computing
capability of smartphones have enabled the development of
mobile PHM systems as a cost-effective strategy to support
healthcare that is focused on the consumer, transparency,
convenience, and prevention [53]. Clinical studies reported
high sensitivity and specificity at detecting atrial fibrillation
[54] and other cardiac abnormalities using wireless mobile
ECG devices [55–58]. The ability to provide pervasive heart
monitoring to anyone at any time, through natural interac-
tions between smartphone and user, overcomes constraints
of place, time, and character and provides personalized infor-
mation in a transparent form. Users can configure mobile
PHM systems to their individual needs and preferences,
taking into account age, gender, and ethnicity. Immediate
feedback alerts the user of abnormal conditions or abrupt
changes in near real-time, potentially improving outcomes.
As a final point, clinicians can receive automated updates,
providing structured CVD management while minimizing
clinical visits.

On the other hand, results of a 2014 consumer sur-
vey, performed by PricewaterhouseCoopers Health Research
Institute, showed that almost half of respondents were ready
to have an ECG device attached to their smartphone, with
results wirelessly sent to their physician [59]. Latest evidence
from LMIC suggests that mobile PHM systems can improve
lifestyle behaviors and healthcare management related to
CVD, particularly for aged people and frail users [60].
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Elderly should be the primary target of mobile ECG
monitoring systems for several reasons. Mainly, because the
population aged 65 and older is projected to be about 83.7
million in 2050 [61], worldwide epidemic of chronic diseases
is strongly linked to population aging, and the leading
contributors to disease burden in older people are CVD [6].
Nevertheless, mobile PHM systems remain in its nascent
stages related to behavioral health and older adults [9].

While research in PHM systems have demonstrated
feasibility and effectiveness across a variety of populations
and health problems, studies generally exclude older adults or
do not report significant age differences in responses to the
interventions [9]. A possible explanation is the persistence
of stereotypes that older adults are afraid, reluctant, and
incompetent to use modern technology. Besides, seniors who
may believe themselves incapable of learning to use new
technologies perpetuate many of these stereotypes [62–64].
Therefore, usability and acceptance of mobile PHM by older
adults is not only based on their healthcare requirements,
but also on their perspective of technology. Since cognitive
performance commonly declines with age, minimizing the
complexity of smartphone applications and user-interactions
could be key to the adoption of mobile PHM systems by
elderly users and should be considered in stages of design and
development [65].

In this sense, we developed a mobile PHM system for
ECG monitoring and automated classification of heartbeat
patterns to identify potential arrhythmias in elderly. The
system combines a wearable wireless sensor, mobile tech-
nology, and machine learning techniques. Software design
included specific characteristics aimed to improve usability
and acceptance of older persons. User interface to display and
classify ECG signals was simplified at one dedicated button
to minimize the amount of steps to be memorized (Figure 7).
Additionally, security mechanisms such as user identification
and passwordwere omitted to access smartphone application.

Our system has a number of advantages over previously
developedmobile PHM systems for monitoring ECG signals,
which do not report software design concept to address
the user acceptability and acceptance issue in elderly [22–
26, 28, 29], do not include automated classification [22–25],
operate with commercial sensors [29], or do not provide
internal methods for classifying arrhythmias [26, 28]. The
prototype detected normal and abnormal ECG patterns in a
group of older adults residing in a LMIC with a high degree
of accuracy (97%), sensitivity (100%), and specificity (96.6%).
Thus, our mobile ECG monitoring approach could be useful
for detecting cardiac abnormalities in the home environment
and contribute to prevention, early diagnosis, and effective
treatment of CVD, while keeping costs down and increasing
access to healthcare services for older persons.

However, the ECG monitoring and classification system
described herein has several potential limitations. First, our
system and most other mobile ECG monitors record a
single-channel ECG signal, which provides more limited
information than 12-lead ECG devices. Nevertheless, a recent
study found good correlation between smartphone ECG
and 12-lead ECG data, before and after antiarrhythmic drug
therapy [66]. Second, despite high overall recognition, the

precision of the NN classifier is only 81.3%, although false
positive signals would be recognized by physician evaluation.
Third, the system provides timely detection of abnormal ECG
patterns for further diagnosis by healthcare professionals but
does not identify specific types of cardiac disorders. Finally,
the systemwas tested using a relatively small sample (n = 100)
at a single center and primarily included Venezuelan females;
thus, the system performance characteristics might not be
generalizable to other user populations. Therefore, further
studies are necessary to extend use of mobile ECG mon-
itoring to other geographically diverse elderly populations
as well as provide a better characterization of heart rhythm
abnormalities.

5. Conclusions

The mobile ECG monitoring system described in this report
provides near real-time data and automated classification of
ECG signals from older adults. The machine learning clas-
sifier discriminates between normal and abnormal cardiac
rhythms with high accuracy. With further development and
verification, the system could provide a cost-effective strategy
for primary diagnosis of potential arrhythmias and improve
preventive healthcare, particularly in population of solitary
elderly.
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An opportune early diagnosis of Alzheimer’s disease (AD) would help to overcome symptoms and improve the quality of life
for AD patients. Research studies have identified early manifestations of AD that occur years before the diagnosis. For instance,
eye movements of people with AD in different tasks differ from eye movements of control subjects. In this review, we present
a summary and evolution of research approaches that use eye tracking technology and computational analysis to measure and
compare eye movements under different tasks and experiments. Furthermore, this review is targeted to the feasibility of pioneer
work on developing computational tools and techniques to analyze eye movements under naturalistic scenarios. We describe the
progress in technology that can enhance the analysis of eye movements everywhere while subjects perform their daily activities
and give future research directions to develop tools to support early AD diagnosis through analysis of eye movements.

1. Introduction

Neurodegenerative diseases are a group of disorders char-
acterized by the progressive degeneration of the neurons of
the central or peripheral nervous systems. The degeneration
affects neuron synapsis or produces neuron death [1]. The
most frequent neurodegenerative diseases are Alzheimer’s
disease (AD) and Parkinson disease (PD) [2, 3]. According to
the Alzheimer’s Association (https://www.alz.org/), currently
there are 5.7 million people living with AD only in the
US and it is expected that this number would increase to
13.8 million by 2050 [4]. Although there is no cure for AD
[5], several treatments have been tested [6], for example,
currently approved drugs such as donepezil, galantamine,
and rivastigmine [7] and nonpharmacologic therapies [4].

Alzheimer’ disease is frequently diagnosed at late stages
when symptoms have become evident, which occurs after
a process of months or years of neuron degeneration [6].

However, when diagnosed at early stages, treatment helps to
overcome the symptoms and improves the quality of life [2, 6]
and offers to caregivers the opportunity to adapt and prepare
the characteristics changes of dementia [8]. Also, the early
diagnosis would allow testing the administration of more
aggressive therapy to prevent AD development [9]. Despite
many efforts, the noninvasive diagnosis of AD at early stages
remains unsolved [5, 10].

Recent literature reviews have outlined robust findings
demonstrating that eye movements abnormalities are sign of
cognitive decline [11, 12] and can eventually be used to assess
AD disease progression. Furthermore, current technology
provides noninvasive equipment andmethods to assess visual
deficits ubiquitously and objectively in naturalistic scenarios
[13]. An example is the use of eye trackers, which are devices
that measure gaze fixation and saccadic motions of eyes.
Eye trackers have been used in experiments of oculomotor
performance related toADdiagnosis [14].However, currently
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eye trackers have been used only in controlled laboratory
settings. To analyze eye movements in naturalistic scenarios,
such as in activities of daily living (ADL), besides the gaze
fixation points, understanding the scene is required. The
understanding of the scene can be achieved through analysis
of recorded video with computer vision techniques. The
computational analysis of the video, supported by the areas
of psychology and neurology, allows distinguishing the items
from the scenes that grab the attention of the viewer [15, 16].
This information can be used to compare the areas of interest
from people with AD (PwAD) and control groups (people
without AD) when observing natural scenes with a potential
use in early detection.

In this paper, we firstly describe technological tools and
methods that have been used to gather eye movements
data. Then, we review existing research that has encountered
relation between eye movements and AD. This section also
describes a evolution of research on eye movements and AD
since earliest research towards naturalistic scenarios more
suitable for early detection. Section 4 describes computa-
tional techniques that are useful for complementing the
analysis of eye movements and AD in naturalistic scenarios.
Finally, Section 5 includes the conclusion and future direc-
tions.

2. Data Collection

To collect data, an important step is choosing a proper
eye tracker device according to a planned research study.
Eye trackers are devices that measure the point of gaze
or eye movements from an individual [17]. The availability
of eye movements recordings allows researchers to gather
and analyze ground truth data about visual exploration
[18]. This feature makes eye trackers a useful tool to study
changes in cognition through eye movements analysis [19,
20]. The cognitive process are not directly measured with eye
trackers.We canmanipulate independent variables according
to experimental design setups and measure the behavioral
response from participants with eye movements measures
[21].

Eye tracking provides a noninvasive tool without con-
traindications suitable for potential screening and tracking
of AD [22]. Eye trackers provide data sensitivity that makes
them suitable for analyzing oculomotor abnormalities in
AD. However, there are different technological approaches
for the construction of eye trackers [21]. For this reason,
it is important to choose properly the adequate eye tracker
features that fit the study.

Eye trackers can be static or provide mobility. For exam-
ple, there are screen-based eye trackers, as the one used
in [23]. These types of eye trackers are desktop mounted
and collect fixation points only from the gaze towards
the content displayed on a screen. Another type of eye
trackers is head mounted, as the “ExpressEye” used in
[19]. In this case the device allows capturing gaze fixa-
tions not limited to a specific screen; however, the user
can not freely move because the apparatus is cumber-
some. Nowadays, there are available commercial mobile
eye trackers, such as Tobbi© (https://www.tobiipro.com) or

SMI© (https://www.smivision.com) that provide continuous,
remote, and pervasive capture capabilities. These capabilities
are desirable to analyze eye movements from PwAD in
naturalistic scenarios.

Despite capabilities provided by eye trackers, there are
concerns about the use of eye trackers when participants are
unrestrained [24]. The concerns are about the reliability of
gaze recording when capturing data when participants take
a nonoptimal pose. This later might represent a challenge in
naturalistic experimental setups.

To gather data fromparticipants inAD studies, researches
divide participants into groups. Usually, the groups reported
in the literature are young controls, elder controls, and
PwAD. However, there are studies that also include a group
people with Mild Cognitive Decline (MCI) to differentiate
between persons in a more advanced stage of AD. The cog-
nitive status from participants is usually evaluated through
neuropsychological tests, such as the Mini Mental State
Examination (MMSE) [12]. However, some studies have used
other techniques such as thyroid function test and magnetic
resonance images [11] among others.

The participants perform instructed oculomotor tasks
while observing visual stimuli, such as images or video.
The fixation points from the participants are collected using
the chosen eye tracking device. Then, statistical tests and
other modeling techniques are applied for data analysis.
Finally, results are presented correlating outcome measures
with a cognitive status and by showing differences among
control groups and PwAD if present. In the next section
different approaches that have encountered relation between
eye movements and AD under different experimental setups
are described.

3. Eye Movements and Alzheimer’s Disease

Several researches on predementia have reported manifes-
tations of visual symptoms produced by senile plaques and
tangles located in the visual regions of the brain [38, 39].
The pathological changes in the visual system caused by
neurodegenerative diseases are reviewed in [40–43]. Exam-
ples of these pathological changes are visual acuity changes,
atypical pupillary responses, and alteration in the oculomotor
performance [44].

Eye movements involve a complex oculomotor control
system formed by extensive cerebral regions [45]. Through
post mortem studies, there is evidence that pathologies
associated with AD affect the oculomotor brain regions [46,
47]. Altered eye movements patterns reflect the resulting
underlying visuospatial and executive function impairments.
Thus, movement patterns are related to higher cognitive
control processes [48]. That is why, for example, eye move-
ments allow exploring the cognitive process underlying visual
search, providing information about how people forage and
plan when performing visual search tasks [49].

Typically, the studies dedicated to explore relationships
between eye movements and AD compare certain outcome
measures between persons with AD (PwAD) and control
groups when they accomplish a specific oculomotor tasks.

https://www.tobiipro.com/
https://www.smivision.com/
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Examples of these tasks are fixating on a given point [19] or
watching a picture [12]. An example of a dependent variable
on these studies is the reaction time to perform the given
tasks.

To examine the research involving eye movements
and Alzheimer’s disease, we searched in the PubMed©
(https://www.ncbi.nlm.nih.gov/pubmed) database with the
keywords “Alzheimer’s disease” and “Eye movements”. The
database included 165 articles from 1979 to 2017. From the 165
articles, 14 are review articles and 80 articles are not related
to AD; focus on atypical subsets of AD or eye movements
are not part of the study. From the 165 results, we found
that 71 articles are relevant to the research of oculomotor
performance of AD patients. The 19.7% (14 articles) from the
relevant articles were published in the last 3 years.This shows
that research analyzing eyemovements is gaining importance
in AD studies. Furthermore, recent research shows that the
analysis of oculomotor deficits is useful in early detection of
AD and also has the potential to be used to assess disease
progression [43, 50].

Table 1 shows a summary of the research indexed in
PubMed since the last 5 years related to eye movements
analysis and AD. The summary includes the references and
years, the methods used by the researches, the main findings
from the studies and information about the participants, and
apparatus if present. In the following sections, we describe
and categorize conducted research showing an evolution
from early attempts towards more naturalistic scenarios.

3.1. Saccadic Eye Movements and Alzheimer’s Disease. Tra-
ditional studies using saccadic eye movements (SEM) tasks
have reported differences between PwADand control groups.
A saccade is a rapid motion of the eye (typically lasting
between 30 to 80ms to complete) [21]. Example of these
studies includes prosaccades and antisaccades analysis [19,
51]. To study prosaccades, a participant has to saccade from
a initial point to an appearing peripheral target. Then, the
reaction time or latency ismeasured from the subject to fixate
on the presented peripheral target. The research described in
[37, 52, 53] reports increased latency of saccades from PwAD
when compared to control groups that can be associated with
cognitive process. On the other hand, to study antisaccades,
the participant must fixate an opposite direction from a
presented peripheral target [54]. As the participants have to
inhibit the automatic saccade towards the stimulus, the anti-
saccade task requires additional executive processing from
participants [55].Thenature of antisaccades can be associated
with executive attention and research results indicate that
patients with AD have shown more antisaccade errors with
fewer corrections than control groups [56]. The papers [14,
44, 48, 50] review work conducted on eye movements and
their relationship with AD.

There are different challenges regarding eye movements
studies andAD.Thefirst challenge arises because oculomotor
abnormalities are not exclusive from AD and it is important
to develop techniques that properly distinguish AD from
other diseases. For example, SEM abnormalities have been
encountered in Multiple System Atrophy, such as slower
prosaccade and increased antisaccade errors [57].

Furthermore, SEM abnormalities might be related to
aging. For example, in [58] it is reported that latencies
uncorrected or increased time to correct error in antisaccades
increase with aging. Older adults appear to have stronger
difficulty ignoring distractions during day-to-day activities
than younger adults. It seems that any variable that reduces
the strength of the top-down neural signal to produce a
voluntary saccade, or that increases saccade speed, will
enhance the likelihood that a reflexive saccade to a stimulus
with an abrupt onset will occur [59]. So, what is the effect of
“normal” aging on eye saccade speed? It has been shown [60]
that the Digit Symbol Substitution Test can be altered as far
as 20 years before AD in older individuals with a high level
of study is manifest. The performance in this test is related to
the speed of eye saccades. This decline in performance speed
and executive functions might be nonspecific prodromal
Alzheimer’s but could as well characterize a state of cerebral
vulnerability on which the illness would progress more
easily. Despite the relationship between age related cognitive
decline and saccadic eye movements (SEM) deficits has been
outlined, specific cognitive alterations underlying age-related
changes in saccadic performance remain unclear. The nature
of aging effects on SEMs has been only rarely approached.
The progressive age-related decline of processing speed and
executive attention is associated with and can be highlighted
through saccadic agemovement deficits as well in prosaccade
and antisaccade tasks.

As can be see from Table 1, research from five years ago
mainly focused in studying prosaccades and antisaccades.
Indeed, the study of SEM was dominant since the earliest
approaches dedicated to analyze eye movements and its
relation to AD [52, 61–64]. As described, in SEM experiments
the participants must fixate to a target. Although SEM
studies have reported significant difference between persons
with AD and control groups, there is still a research gap
to fill in order to use SEM analysis as a marker for AD.
Differentiate SEM abnormalities from AD, “normal” aging,
and other conditions are among the main challenges from
SEM analysis.

Prosaccade and antisaccade tasks have been popular in
research studies due to their simplicity [58]. These tasks
require a controlled scenario to conduct the evaluations. As
research has evolved, more complex tasks have been studied
towards associating eye movements deficits to support AD
diagnosis. In Section 3.2 studies involving the execution of
more complex tasks than attending to single target points are
described. However, this research still lies in a category of
controlled scenarios.

3.2. Eye Movements Analysis in Controlled Scenarios. Since
the past years, research studies have moved forward to
conduct other types of experiments aiming to identify eye
movements abnormalities related to AD. For example, in
[12] the participants performed a more complex task that
only attend a target point that consisted in detecting and
categorizing a specific object within a natural scene. The
participants observed two visual stimuli in a monitor, one
including an image with an animal and the other including
a distractor image. The participants were asked to saccade to

https://www.ncbi.nlm.nih.gov/pubmed
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the image that contained the animal while their success to
fixate to the animal and to the correct image was measured.
The results from this study show that persons with AD, even
in a mild stage of the disease, when compared with control
groups have difficulties to select the relevant targets.

Another example is given by the work in [11] that focuses
on the analysis of reading behavior of PwAD. Reading is an
ADL that involves the use of working memory and memory
retrieval function. Thus, the experiments in [11] involve
analysis of more complex task than usual SEM studies.
The experiment consisted in a comparison of the eye gaze
position of PwAD and control participants when reading
sentences. The findings from [11] show that PwAD have a
longer gaze duration than controls. Additionally, they found
that a predictability degree on the sentences is accounted by
control subjects but not by PwAD. This suggests that PwAD
have impairments with their working memory and memory
retrieval functions. Although the work in [11] is towards
analysis of eye movements in ADL, the current experiments
are under controlled scenarios in the sense that use screen
based eye trackers and even use a chin rest to constrain
head movements. Another research studies the attention to
repeated and novel stimuli [65] that is related to cognition
and attention. The experiments consist in presenting slides
to mild-to-moderate PwAD that contain novel and repeated
images. The researchers report that fixations on the images
serve to evaluate attendance to repeated and novel content
providing the potential to be used to measure disease pro-
gression.

Another study analyzes the effects of AD on visual explo-
ration [25]. The study focuses on visual search performance
for target detection in the far periphery. The participants,
AD patients, and control subjects explore a hemispherical
screen and respond to presented targets. The results from
this study show differences in AD patients and control
subjects when identifying targets on different eccentricities
from the screen. Researchers also report differences on target
detection times and number of fixations. The work in [66]
uses eye movements analysis during video watching to infer
people’s cognitive function. Researches defined 13 features
from fixations and found correlations between the features
and memory capability. Example of these features include
mean fixation duration, fixation count, and mean saccade
amplitude. Different from other specific laboratory tasks, in
these experiments the participants freely watch videos from
different scenarios while features from eye movements are
extracted.

A pilot study in France, LYLO [67], focused onmeasuring
the rigidity and lack of curiosity of PwAD. In this study,
the patients were screened in laboratory settings with static
images displayed. And statistical parameters computed from
recordings of saccades and fixations were compared. A
step forward measuring visual impairments in a naturalistic
situation consists in using everyday visual content such as
colour video content for patients screening. The lack of
curiosity hence can be induced from gaze recordings of
intentionally degraded natural video content. The baseline
model of automatic prediction of attention for normal control
subjects was developed in [67, 68]. Contrarily to [69] where

the first step to make the observation “natural” was done by
using video in free viewing conditions, in [68, 69] video was
intentionally degraded.

While studying visual deficits on laboratory tasks has
been productive for AD assessment, its application requires
cooperative scenarios. That is, subjects must cooperate
consciously performing the oculomotor tasks to get their
assessment. Thus, this type of assessment is adequate when
there is already an evident manifestation of dementia that
requires evaluation. In addition, the manifestation cannot be
severe enough so the subject is not able to cooperate. To
achieve early diagnosis, it is necessary to have techniques
that allow the evaluation of eye movements abnormalities
on scenarios that allow naturalistic assessment without the
explicit cooperation from subjects, for example, to analyze
how AD affects eye movements in ADL, such as cooking
or gardening. In the following section we describe the work
related to analysis of eyemovements in naturalistic scenarios.

3.3. Eye Movements Analysis in Naturalistic Tasks. When
performing daily activities such as cooking or gardening, sub-
jects interact with several objects, for example knifes, pans,
or remote controls. During these interactions, a succession of
different actions is involved, for example, cutting a vegetable
or watering a plant. While executing these actions, humans
use their vision to locate the objects and to manipulate
them [70]. Indeed, the eye movements during everyday
tasks provide relevant information about complex cognitive
process related to object identification, place memory, tasks
execution, and monitoring [71].

Studies attempt to understand the relation between activ-
ity execution and eye movements by investigating the eye
patterns and eye-hand coordination on actions [72, 73]. For
example, results support that people shift their gaze to target
sites anticipating actions [74]. Also, results indicate that
subjects rarely fixate on objects irrelevant to a performed
action [73]. In fact, almost all eyemovements during activities
are targeted to fixation of task relevant objects, suggesting that
visual attention can be modelled as “top-down” having little
influence of the “intrinsic saliency” of the scene [72]. Top-
down modelling refers to aspects of attention and gaze that
are under executive control and may be influenced by tasks’
directives andworkingmemory [75].Thus, top-downmodels
require prior knowledge from the context [15]. On the other
hand, bottom-up modelling refers to attention that is driven
by properties of the visual stimulus being independent from
tasks or semantic [75].

The described findings so far have arisen from experi-
ments with healthy subjects. While the results are important
to understand the eye movements in ADL, experiments with
AD patients are scarce. This later is critical to support the
diagnosis in early stages and to monitor changes of the
disease. Healthy subjects have demonstrated different results
when conducting specific oculomotor task when compared
with PwAD and we expect the same in naturalistic scenarios.

In the work by Forde et al. [76] the eye movements
in an ADL task are analyzed from a patient with action
disorganization syndrome (ADS), from a PwAD, and from
control subjects. The results show difference in the visual
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behavior from the participants while they were preparing a
cup of tea. For example, the ADS patient made no glances to
objects anticipating their use and had an increased number
of fixations to irrelevant objects during the task. This shows
different results from those stated in [73, 74]. The AD patient
showed fewer fixations overall than control subjects and
the ADS patients. In addition, the PwAD showed a lower
proportion of relevant fixations compared to control subjects.
In the work by Suzuki et al. [28] eyemovement is investigated
during locomotion. One AD patient, one Posterior Cortical
Atrophy (PCA) patient, and one healthy subject used an
eye tracking device while performing locomotion activities
(walking along corridors, up and down stairs, and across a
room with or without obstacles). The results show that the
PCA patients were the slowest in performing the locomotion
activities. Also, the PCA patient had longer fixation than the
PwAD and the healthy subject. The PwAD required prompt-
ing during task competition showing memory impairment.
Both studies show important findings toward understanding
eye movements from PwAD; however more experiments
with more participants are required.

A research goal is to understand eye movements abnor-
malities when performing ADL that serve to identify early
signs of AD and to alert about a possible development of the
disease. However, several challenges must be addressed first.
For example, despite finding differences between PwAD and
control groups, several abnormalities on visual deficits are not
unique to AD but they are also present in other pathologies.
In addition, it is important to find a visual marker that can
be used to measure the progression of the disease; that is,
the longitudinal studies must be conducted. Additionally, the
clinical and personal history of each patient must be consid-
ered. PwAD might have differences in their visual behavior
due to their physiological and personal context. Such is the
case, for example, if they have sensorial impairments or
a determining event in their lives. For example, a manual
worker might have a different behavior than a white-collar
worker.

The analysis of visual behavior during ADL has the
potential to become a tool for AD assessment and for
monitoring progression. Its success strongly relies on the
development of technology able to measure eye movements.
To be a pervasive tool it has to measure eye movements easily
and in a noninvasive way allowing subjects to perform their
activities in a natural manner.

Currently, there are clinical trials registers describing
ongoing research with the objective to analyze eye move-
ments in naturalistic tasks. For example, by doing a search
with the terms “Alzheimer’s disease” and “eyemovements” in
the database ClinicalTrials.gov provided by the US National
Library of Medicine, there are 10 results currently recruiting
participants. We identified 2 as relevant ongoing studies of
eye movements in naturalistic scenarios for AD. In [77],
researchers aim to analyze eye movements when reading
sentences. In [78], researchers aim to analyze deficits in visual
exploration in ADL.

Researchers in [78] expect to encounter that persons
with AD have less ability of using scene semantic when
locating objects. In this sense, the understanding of scene

is paramount. In the next section we describe how the use
of computational techniques can leverage the analysis of eye
movements and AD by scene understanding.

4. Towards Early Detection Leveraging on
Computational Attention Modelling

As we mentioned before, the identification of abnormalities
in eye movements to support the early diagnosis or progres-
sion of an eventual dementia disease in elderly population
during performance of ADL is a real scientific challenge. In
this sense, some interesting approaches propose to predict
human visual attention emulating the HumanVisual Systems
performance [79]. Indeed, computational visual attention
models (CVSM) attempt to explain and describe the process
of perceptual behavior and are compared with ground truth
measured by eye trackers in psychovisual experiments [80–
82]. Several exciting CVSM such as visual saliency techniques
on egocentric video are useful for the use in naturalistic
scenarios to estimate the areas from the video that are more
likely to become the focus of human visual attention [15].
The egocentric video provides a first-person view from the
individual who “wears” an egocentric camera giving visual
information about objects, locations, and interactions.

Visual saliency techniques have been already combined
with eye tracking in the field of Autism Spectrum Disorder
(ASD) to screen differences between people with ASD and
controls [83]. Researchers compare eye movements from
both groups when freely viewing natural scenes images.
In the analysis fixations towards visually salient regions,
such as color, intensity, orientation, objects, and faces, are
considered. To the best of our knowledge, research regarding
the combination of data from eye trackers and visual saliency
modeling to analyze eye movements abnormalities from
PwAD is scarce. As we show earlier in Section 3.2 the work
in [67] approaches with the analysis of fixations to degraded
images, but more research is missing.

Suitable devices identified to be appropriated for mon-
itoring ADLs with egocentric vision capabilities are mobile
eye trackers [20], such as Tobbi© or SMI©. Additionally,
egocentric cameras such as GoPro, Samsung Glass, and
Microsoft Sense Cam [84] would allow scene understanding.
Certainly, they record egocentric video giving a first-person
view or in other words, what the camera wearer sees [85].
This captured information can be useful to analyze or predict
someor all of visual attentive behavior through visual saliency
computation. In this section, the main characteristics from
the research on visual saliency are described, the techniques
used and how this research field can be applied in the context
of eye movements analysis.

(1) Computational Visual Saliency Models. The research field
that analyzes video computationally to estimate the image
regions that attract visual attention is called visual saliency
detection [86, 87]. This research field matches the areas of
neuroscience, psychology, and computer vision [16].

Early work on visual saliency modelling uses handcrafted
low-level features such as contrast [88], color [89], edges
[90], and orientation. It is funded on feature integration
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theory by Treisman and Gelade [91]. In addition, there is
work that performs higher-level features extraction such as
objects [92] and faces [93] in order to incorporate, into
the low-level features, semantic elements of the observed
scenes. Moreover, since the boom of deep learning, there
are different proposals of configuration and arrangements of
these supervised classification tools such as the convolutional
neural networks [94–96] that report increased results for
saliency estimation tasks. However, as deep learning requires
a huge amount of data, more annotated information on
diverse scenarios is still required. The works in [15, 97, 98]
review techniques used for visual saliency detection.

According to the method used for modeling attention,
there are two main categories of methods followed in the
research of visual saliency: bottom-up modelling and top-
down modelling. Bottom-up methods use information such
as color, contrast, orientation, and texture [99]; they predict
stimuli driven attention. And top-downmodels require prior
knowledge on the visual search task and the context [15].
Currently, most of the work in visual saliency enters in the
category of bottom-up methods.

The visual saliency modelling outputs a saliency map S,
which is a two-dimensional topographically arranged map
that encodes stimulus conspicuity of the visual scene [100].
The pixel values in the map indicate the saliency degree
of the corresponding regions in the visual scene [15]. The
maps are compared against ground truth maps built upon
gaze fixations recorded by eye trackers when subjects are
performing visual tasks. The ground truth might include
synthetic stimuli or come from natural scenes including still
images and video [101].

Pioneer research on visual saliency studied saliency from
a third-person perspective, for instance, using still images
[102] or video [103] coming from nonegocentric cameras.
In the scenario of understanding scene for AD studies, the
interest is nevertheless in saliency from the point of view of
the subject performing activities. Hence, building saliency
maps in egocentric video content and from the point of view
of the subjectswearing recording device is required.However,
the analysis of egocentric video brings new challenges. For
instance, motion cues are significant in third-person video
but cameramotion is inherent to egocentric recordings [104].
Therefore, a residual motion in image plane of egocentric
video has to be computed after motion of camera wearer
has been compensated [105]. Egocentric video allows better
introducing contextual knowledge from the subject because
egocentric video follows the field of view of the subject’s
action. In this sense, this paradigm can support top-down
attention modeling [106] in naturalistic scenarios such as in
ADLs execution.

Egocentric video, beside the bottom-up image cues,
provides context about the manipulation of objects [107,
108], about hands positions [106, 109], ego-motion [110],
actions [111, 112], and activities [113, 114].The egocentric video
supports top-down attention modelling by the ensemble of
these diverse contextual information. For example, a model
assumes that gaze goes towards a given object currently
held by the subject’s hands. In addition, the ego-motion
that occurs in visual exploration towards locating a specific

object that is required in a given activity also serves for gaze
estimation [115].

Top-down and bottom-up computational visual attention
modelling show correlation between human fixations and
predicted saliency maps. However, most of the results arise
from experiments including healthy participants while scarce
studies involve PwAD. In this review,we focus on the scenario
for early AD detection. Thus, we address the relevant work
relating computational attention modelling applied to AD in
the next section.

(2) Computational Visual Saliency Models and Diagnosis.
Progress in prediction of visual saliency including in ego-
centric content makes it possible to build robust prediction
models for regions of high expectancy for the fixations of the
test subject.Therefore, if a subject executing an ADL does not
fixate the predicted areas properly, then it can be supposed
that this subject has to undergo further tests to diagnose
AD or not. For healthy subjects, visual saliency techniques
assume that the subject will execute the activity fixating
toward relevant objects or with coherent visual exploration.
However, as mentioned in the work by Forde et al. [76],
the participant with AD had lower proportion of relevant
fixations compared to healthy subjects in ADL settings.

Another relevant feature about gazemeasuring in patients
with AD is the sensitivity. For example, the diagnosis per-
formed with SEM tasks requires saccadic sensitivity. How-
ever, current visual saliency techniques addressing saccadic
estimation are in early stages [116].

Although top-down mechanisms dominate the attention
modelling from healthy subjects, it has been suggested that
the visual behavior from persons with cognitive problems
might rely on bottom-up mechanisms and saliency driven
with less fixations on objects relevant to the task [71]. The
work in [117] suggests that visual attention problems fromAD
patients aremore notoriouswhen the target item is not salient
and shares common features with the background.The study
in [118] analyzes the visual search task performance from
AD patients by conducting experiments using salient and
not salient search conditions. The researchers measure the
reaction times when PwAD and control participants search
for target elements. The PwAD show longer reaction times
than control participants. However, the gap between both
groups is bigger when searching for nonsalient target items.
This suggests that salient elements attract PwAD.

The research in [105] on egocentric video acknowledges
the potential to use visual saliency techniques to develop
a tool for medical practitioners in realistic ADL scenarios.
The researchers perform gaze comparison from an actor
and a viewer. The actor is a person performing an activity
(potentially a PwAD) while the viewer is a person watching
egocentric video recordings from the actor (the medical
practitioner). The paper suggests a relation between the gaze
from the actor and the viewer.This relation consists in a time
shift between the points of attention from the actor and the
viewer. In other words, the viewer looks at the same place
in the visual scene compared to the (healthy) actor but a
few milliseconds later. The potential of this tool relies on
the ability of a system to determine if the gaze from the
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actor is normal or abnormal according to the perspective
from a medical practitioner. Additionally, the settings from
the tool, like the use of egocentric camera, allow the use of
computational attention-modelling techniques.

Computational attention-modelling techniques can be
complemented with other contextual information in order
to know more about the subject oculomotor behavior. For
example, the amount of time that a participant takes to
complete an activity can be explored. As literature shows,
people with cognitive deficits take longer to complete tasks.

5. Conclusions and Future Directions

Neurodegenerative diseases, specifically Alzheimer’s disease,
are a problem that affects population worldwide. Currently,
AD has no cure, but it has been demonstrated that treatment
is helpful to delay the progression and improve quality of
life. The diagnosis occurs frequently at late stages of the
disease, when symptoms are evident. Nevertheless, research
has found that AD is present up to 20 years before the
disease is manifested. To have better treatment outcomes,
it is desirable to have an early diagnosis. Understanding
contextual differences that might influence the course of the
disease would also be helpful. Among the current diagnostic
techniques, visual behavior has the potential to become
useful in early stages and to be a pervasive tool. Several
investigations have explored the relations of eye movements
with AD through specific oculomotor tasks demonstrating
visual features that can be used for early diagnosis and
progression measurement. However, more experiments are
necessary under naturalistic scenarios to develop a useful
tool that can be used in early stages. Nevertheless, changes
happening in older individuals without cognitive impairment
must also be taken into consideration and eventually they
have to be approached by means of further research in
normal individuals. Eye movements abnormalities have been
measured mostly using eye tracking technology. Neverthe-
less, computer vision techniques, such as visual saliency
and object detections in ADL performance settings, could
be a good means to measure visual attention of PwAD
to diagnose in terms of its difference to normal control
attention in naturalistic scenarios when performing ADLs.
Several challenges must be addressed, such as estimating
gaze on top-down driven mechanisms and relating bottom-
up mechanisms with the activities. Also, it is important to
conduct experiments with persons with different cognitive
problems in order to learn the features that differentiate
among healthy subjects, people with different diseases, and
persons with AD.
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[106] V. Buso, I. González-Dı́az, and J. Benois-Pineau, “Goal-oriented
top-down probabilistic visual attention model for recognition
of manipulated objects in egocentric videos,” Signal Processing:
Image Communication, vol. 39, pp. 418–431, 2015.

[107] A. Fathi, X. Ren, and J. M. Rehg, “Learning to recognize
objects in egocentric activities,” in Proceedings of the 2011 IEEE
Conference on Computer Vision and Pattern Recognition, CVPR
2011, pp. 3281–3288, June 2011.

[108] X. Ren and M. Philipose, “Egocentric recognition of handled
objects: Benchmark and analysis,” in Proceedings of the IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition Workshops, CVPR Workshops 2009, pp. 1–8, IEEE,
2009.

[109] Y. Li, A. Fathi, and J. M. Rehg, “Learning to predict gaze
in egocentric video,” in Proceedings of the 2013 14th IEEE
International Conference on Computer Vision, ICCV 2013, pp.
3216–3223, December 2013.

[110] K. Matsuo, K. Yamada, S. Ueno, and S. Naito, “An attention-
based activity recognition for egocentric video,” in Proceedings
of the 2014 IEEE Conference on Computer Vision and Pattern
Recognition Workshops, CVPRW 2014, pp. 551–556, USA, June
2014.

[111] P. Le Bek, Learning to recognise actions in egocentric video, [MSc,
thesis], University Glasgow, School of Computing Science, 2014.

[112] S. Singh, C. Arora, and C. V. Jawahar, “Trajectory aligned
features for first person action recognition,”PatternRecognition,
vol. 62, pp. 45–55, 2017.

[113] M. Ma, H. Fan, and K. M. Kitani, “Going deeper into first-
person activity recognition,” in Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition, CVPR
2016, pp. 1894–1903, July 2016.

[114] T.-H. Nguyen, J.-C. Nebel, and F. Florez-Revuelta, “Recognition
of activities of daily living with egocentric vision: A review,”
Sensors, vol. 16, no. 1, article no. 72, 2016.

[115] K. Yamada, Y. Sugano, T. Okabe et al., “Attention prediction in
egocentric video using motion and visual saliency,” Advances in
Image and Video Technology, pp. 277–288, 2012.

[116] X. Sun, H. Yao, R. Ji, and X.-M. Liu, “Toward statistical
modeling of saccadic eye-movement and visual saliency,” IEEE
Transactions on Image Processing, vol. 23, no. 11, pp. 4649–4662,
2014.

https://arxiv.org/abs/1701.01081v2
https://arxiv.org/abs/1611.09571v3
https://arxiv.org/abs/1411.5878


Computational and Mathematical Methods in Medicine 13

[117] J. K. Foster, M. Behrmann, and D. T. Stuss, “Visual attention
deficits in Alzheimer’s disease: Simple versus conjoined feature
search,” Neuropsychology, vol. 13, no. 2, pp. 223–245, 1999.

[118] A. Tales, J. Muir, R. Jones, A. Bayer, and R. J. Snowden, “The
effects of saliency and task difficulty on visual search perfor-
mance in ageing and Alzheimer’s disease,” Neuropsychologia,
vol. 42, no. 3, pp. 335–345, 2004.



Research Article
Automated Segmentation Methods of Drusen to Diagnose
Age-Related Macular Degeneration Screening in Retinal Images

Young Jae Kim and Kwang Gi Kim

Department of Biomedical Engineering, Gachon University College of Medicine, Incheon, Republic of Korea

Correspondence should be addressed to Kwang Gi Kim; kimkg@gachon.ac.kr

Received 10 October 2017; Revised 13 January 2018; Accepted 6 February 2018; Published 12 March 2018

Academic Editor: Fumiharu Togo

Copyright © 2018 Young Jae Kim and Kwang Gi Kim. This is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Existing drusen measurement is difficult to use in clinic because it requires a lot of time and effort for visual inspection. In
order to resolve this problem, we propose an automatic drusen detection method to help clinical diagnosis of age-related macular
degeneration. First, we changed the fundus image to a green channel and extracted the ROI of the macular area based on the optic
disk.Next, we detected the candidate groupusing the difference image of themedianfilterwithin theROI.We also segmented vessels
and removed them from the image. Finally, we detected the drusen through Renyi’s entropy threshold algorithm. We performed
comparisons and statistical analysis between the manual detection results and automatic detection results for 30 cases in order to
verify validity. As a result, the average sensitivity was 93.37% (80.95%∼100%) and the average DSC was 0.73 (0.3∼0.98). In addition,
the value of the ICC was 0.984 (CI: 0.967∼0.993, 𝑝 < 0.01), showing the high reliability of the proposed automatic method. We
expect that the automatic drusen detection helps clinicians to improve the diagnostic performance in the detection of drusen on
fundus image.

1. Introduction

Age-related macular degeneration (AMD) is a significant
cause of visual impairment in the United States. AMD affects
more than 1.75 million individuals in the United States, and
it is estimated that this number will increase to 3 million by
2020 [1]. The incidence of AMD will continue to rise with
the growing elderly population, resulting in visual disability,
a decrease in quality of life, and an increase in the risk of falls,
fractures, depression, and mortality [2, 3].

Macular degeneration is induced by drusen stored inside
or outside of the retina pigmentary epithelium [4]. Drusen
falls into two types: hard drusen or soft drusen. Hard drusen
which is able to progress to soft drusen can be found in all age
groups and is largely irrelevant to macular degeneration. Soft
drusen which develops choroidal neovascularization causing
visual loss can be found among the elderly and is relevant
to macular degeneration [5]. As the macular degeneration
still lacks effective treatment, the prevention is important:
prevention of the progression of hard drusen into soft
drusen by continuous measurement. Therefore, quantitative
measurement of drusen is very important to prevent macular

degeneration. However, manual drusen measurement based
on existing visual inspection requires a lot of time and
effort. In addition, the influence of subjective decision makes
manual measurement less reliable.

In this study, we aim to solve the problems of manual
measurement by developing an automatic drusen segmen-
tation method based on computer-aided diagnosis (CAD).
CAD is various image-processing techniques used in per-
forming difficult measurements [6, 7]. An ophthalmologist
can save time by drusen automatic measurements. Addition-
ally, results have a high reproducibility and reliability through
objective and quantitative measurements. In this paper, we
developed an algorithm that accurately segments drusen in
fundus image using the median filter and Renyi’s threshold
algorithm.Moreover, we verified the algorithm by comparing
results from the manual segmentation method.

2. Materials and Methods

For our study, we collected 48 fundus images with ARMD
from the Seoul National University Bundang Hospital. Of
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Figure 1: Flow chart of the proposed algorithm.

these 30 fundus images, 15 were captured from the left
while 15 were captured from the right. Test image data have
widths of 1536 pixels and heights of 1024 pixels in a 32-bit
RGB color. Programs used in the experiment were Microsoft
Visual Studio (Ver. 2010, Microsoft, Redmond, WA, USA),
ITK (Insight Segmentation and Registration Toolkit, Kitware
Inc., NY,USA), andVTK (Visualization Toolkit, Kitware Inc.,
NY, USA).

3. Methods

The automatic measurement method of drusen proposed in
this papermainly consists of preprocessing, drusen candidate
detection, and postprocessing tasks. Figure 1 shows the com-
plete flowchart of the algorithm that this paper proposes.

3.1. Preprocessing

3.1.1. Color Split. In order to detect drusen, we analyzed the
color space, which shows drusen the most among all other
color spaces of the images: RGB (red-green-blue), HIS (hue-
saturation-intensity), CMYK (cyan-magenta-yellow-black),
G/R and R/B (green/red, red/blue bands), and so forth. Our
empirical observations provide the selection of the green
channel inside, as the channel with the maximum contrast in
the RGB space. The green band contains useful information,
as the channel holds themaximumcontrast in the RGB space.
The red band contains useful information for reflectance in

ROI

OpticDisc

Figure 2: Examples of the optic disc and the ROI detection results.
Drusen detection is performed only within the ROI.

the image and therefore is strongly affected by the nonuni-
form illumination, while the blue band relatively provides less
information, which is not useful for drusen detection. The
green band is much more informative for drusen and less
affected from the overall variation of illumination [8]. Thus,
this paper used the green filter image in RGB space.

3.1.2. Region of Interest (ROI). ROI were placed inside where
drusen mostly appears and inside where drusen affects visual
acuity the most. This paper used the automatic drusen
detectionmethodwhile ROI converges on circlewhose radius
connects from fovea to optic disk that the ophthalmologists
considers important.

We detected optic disk in order to select the ROI. The
optic disk is beginning part of optic nerve where the brightest
points are on the fundus image.Thus, its detection is possible
only by threshold. However, the brightest location on 8-bit
images having intensity of 256 is not enough for detection; we
labeled the location after threshold. The optic disk can also
have similar pixels intensity, so in this paper we propose an
accurate detection through threshold and labeling. We have
labeled a high intensity of more than 200 because optic disk
possesses the brightest intensity in the images, and we have
assumed the largest label as an optic disc.The intensity values
of 200 were empirically determined through experiments
with various values. We calculated median pixel point using
optic disk label and traced the location of optic disk which
part they may be, left or right from the center of the image.
Finding out the location, we measured the distance between
the median pixel point of the optic disk and the very end of
the image against the optic disk.We determined themidpoint
of the distance as themedian pixel point of ROI and set up the
area of ROI in sphere. Figure 2 shows examples of the optic
disc and the ROI detection results.

3.2. DrusenCandidateDetection. Todetect drusen candidate,
median filter is applied. The median filter preserves radical
changes as a nonlinear filtering method which is effective
against impulse noise [9]. It arranges mask area measure-
ments according to size and selects the median. Hard drusen
is characterized by the shape of small spots. We applied a
median filter using a larger size mask than the size of the
dressing. In applying images, all dressing were disappeared.



Computational and Mathematical Methods in Medicine 3

(a) (b)

Figure 3: Examples of results before and after applying a small mask-sized median filter for noise reduction. In (a), a salt-type noise is shown
where the arrow points, but in (b) the noise is removed and it is invisible. (a) The image before applying median filter; (b) the image after
applying median filter.

We experimented with masks of various sizes and decided
that 30 × 30 masks were appropriate. We can find drusen
location through differences between achieving image and
original one. However, not to affect drusen detection due to
noise in the original image, we made, subtract image using
noise removed image applied the median filter being small
sized mask which affects only noise except dressing. We
experimented with masks of various sizes and determined
that it is appropriate to remove the noisy without affecting
drusen in a 5 × 5 mask. Figure 3 shows the results before
and after applying a small mask size median filter for noise
reduction. The result shows that the drusen has not been
removed, but the small impulse noise has been removed.

Figure 4 presents pair of images being measured by
different median filter and the subtract image between the
two. The subtract images have their contrast concentrated in
the low area.However, wemake histogram spread throughout
gray scale using histogram stretching so that contrast can be
higher. In the subtract image, result is determined by blood
vessel, optic disk, background, and drusen. When getting rid
of these nondrusen areas one by one, final drusen detection
is performed in this paper.

3.3. Postprocessing (FP Reduction). In the subtract images
using median filter, pixel intensity changes according to the
brightness difference between two images. Drusen that is
much brighter than other areas has high pixel intensity.
Background pixels in both two images has little differences
being 0 or lower intensity. Among the detected candidates,
some having high pixel intensity can be displayed around
drusen, optic disk, and blood vessel which has high intensity
than background. In this paper, a two-step approach is
proposed beginning with detection of drusen, optic disk, and
blood vessel candidates. Then, it proposed the detection of
nondrusen, which appears around the optic disk and vessels
to detect drusen.

3.3.1. Vessel Detection. In the subtract images, nondrusen
candidates can be found nearby optic disk and vessel which
has high intensity compared to background. A first approach

to this problem was detecting optic disk and vessels. We also
eliminated irregularities in the result image. Optic disk could
be found when ROI was placed. Vessel segmentation was
proposed using optic disk coordinates and region growing
method for its high pixel intensity [10]. Seed point was
implanted inside optic disc area: all vessels are sprawling
out from optic disk, so the same pixel intensity with blood
vessel was determined as seed point andwe performed region
growing.

3.3.2. Threshold. Among candidates in subtracted images,
low pixel intensity background was removed using automatic
threshold technique. Automatic threshold technique comes
in many different algorithm threshold: Otsu threshold [11,
12], Renyi’s entropy threshold [13, 14], maximum entropy
threshold, minimum cross-entropy threshold, Yen threshold,
and so forth.

In this paper we present Renyi’s entropy method in
threshold. We applied various automatic threshold methods
to the data, andRenyi’s entropymethod showed better results.
Figure 5 shows the comparison of various automatic thresh-
old methods.

Renyi’s entropy threshold method [13] uses two proba-
bility distributions, which are object of interest in an image
and background based on their gray-level distribution. Let𝑃0, 𝑃1, 𝑃2, . . . , 𝑃255, be the gray value of the probability dis-
tribution. The object of interest 𝐴1 and background 𝐴2 are
calculated as

𝑃 (𝐴1) =
𝑡∑
𝑖=0

𝑃𝑖,

𝑃 (𝐴2) =
255∑
𝑖=𝑡+1

𝑃𝑖,
𝑃 (𝐴1) + 𝑃 (𝐴2) = 1.

(1)

Renyi’s entropy in image 𝛼 is defined as follows:

𝐻𝛼𝑇 = 11 − 𝛼 ln
255∑
𝑘=0

(𝑃𝑘)𝛼 . (2)
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)
Figure 4: Examples of different median filter results. (a), (d), (g) Results of median filter, the size of the mask is 5. (b), (e), (h) Results of
median filter, the size of the mask is 30. (c) Results of subtract image between (a) and (b). (f) Result of subtract image between (d) and (e).
(i) Result of subtract image between (g) and (h).

𝛼 in formula (2) means real number, 𝛼 ( ̸=1), Renyi’s
entropy 𝐻𝛼𝑇 converges on Shannon entropy 𝐻𝑇 according to
lim𝛼 → 1 𝐻𝛼𝑇 = 𝐻𝑇. Renyi’s entropy associated with object
of interest and background distributions can be given by

𝐻𝛼𝐴
1

(𝑡) = 11 − 𝛼 ln
𝑡∑
𝑖=0

( 𝑃𝑖𝑃 (𝐴1))
𝛼

,

𝐻𝛼𝐴
2

(𝑡) = 11 − 𝛼 ln
255∑
𝑖=𝑡+1

( 𝑃𝑖𝑃 (𝐴2))
𝛼

.
(3)

𝑡(𝛼) represents gray value which is maximum of𝐻𝛼𝐴
1

(𝑡) +
𝐻𝛼𝐴

2

(𝑡) in formula (4). And 𝑡1, 𝑡2, 𝑡3 are determined according
to 𝛼 as 3 types of results in formula (5):

𝑡 (𝛼) = arg max
𝑡∈𝐺

{𝐻𝛼𝐴
1

(𝑡) + 𝐻𝛼𝐴
2

(𝑡)} , (4)

𝑡 (𝛼) =
{{{{{{{{{

𝑡1 if 0 < 𝛼 < 1
𝑡2 if 𝛼 → 1
𝑡3 if 1 < 𝛼 < ∞.

(5)

When 𝛼 is 1 which is 𝑡2, the result equals the same result
found bymaximum entropy summethod.When𝛼 > 1which
is 𝑡3 the result equals the result found by entropic correlation
method.The optimal threshold value 𝑡𝑐 is calculated by using𝑡1, 𝑡2, 𝑡3 as the following formula:

𝑡𝑐 = 𝑡[1] [𝑃 (𝑡[1]) + 14𝜔𝛽1] +
1
4𝑡[2]𝜔𝛽2

+ 𝑡[3] [1 − 𝑃 (𝑡[3]) + 14𝜔𝛽3] .
(6)

𝑃(𝑡) = ∑𝑡𝑖=1 𝑃𝑖 and 𝜔 = 𝑃(𝑡[3]) − 𝑃(𝑡[1]). (𝛽1, 𝛽2, 𝛽3) is
defined as follows:

(𝛽1, 𝛽2, 𝛽3)

=
{{{{{{{{{{{{{{{

(1, 2, 1) if 𝑡[1] − 𝑡[2] ≤ 5, 𝑡[2] − 𝑡[3] ≤ 5
(1, 2, 1) if 𝑡[1] − 𝑡[2] > 5, 𝑡[2] − 𝑡[3] > 5
(0, 1, 3) if 𝑡[1] − 𝑡[2] ≤ 5, 𝑡[2] − 𝑡[3] > 5
(3, 1, 0) if 𝑡[1] − 𝑡[2] > 5, 𝑡[2] − 𝑡[3] ≤ 5.

(7)
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(a) (b) (c)

(d) (e) (f)

Figure 5: Examples of comparison results of the various automatic threshold methods. (a) Original image, (b) maximum entropy threshold,
(c) minimum cross-entropy threshold, (d) Otsu threshold, (e) Yen threshold, and (f) Renyi’s entropy threshold.

Figure 6 presents the result of the Renyi’s entropy thresh-
olding applied to an image containing drusen candidate. We
can detect only drusen without presence of noise excluding
few areas nearby vessels and surrounding of the image.
However, surrounding areas of the image and vessels nearby
optic disk are located out of the ROI not being influential on
drusen detection.

4. Results

We proposed an automatic drusen detection method using
the median filter and Renyi’s threshold algorithm. The result
is shown in Figure 7.

We performed statistical analysis between the manual
segmentation results and automatic segmentation results for
30 cases in order to validation of the proposed method. To
obtain the results of manual segmentation, the ophthalmol-
ogist segmented drusen using in-house developed software.
The statistical analysis used conditional probability (sensi-
tivity, specificity, accuracy, and Dice’s Similarity Coefficient
(DSC)), correlation analysis, and reliability analysis.

We automatically detected the position of the optic disc
and the ROI for the macula in 30 data sets. The position of
the detected the optic disc and the ROI was evaluated by the
ophthalmologist. As a result, the position of the optic disc and
the ROI was detected with 100% accuracy.

In this paper, True Positive (TP), False Positive (FP),
True Negative (TN), and False Negative (FN) were calculated
by comparing the results from the automatic and manual
methods. TP means that the drusen was correctly detected,

Table 1: Statistical analysis results between the manual segmenta-
tion and automatic segmentation.

Sensitivity (%) Specificity (%) Accuracy DSC
Pixel by pixel 81.93 96.83 94.82 0.79
Region by region 93.37 - - 0.73
Correlation 0.986∗
ICC 0.987∗
∗𝑝 < 0.01.

and FP means that it detects wrong place other than the
drusen. TN means that it has not detected a nondrusen,
and FN means that the drusen was not detected. These two
different calculating methods “pixel by pixel” and “region by
region” were used to get the results. “Pixel by pixel” is to
compare every pixel in the predefinedROI; “region by region”
is to compare depending on the regionwith computed drusen
area.

TP, FP, TN, and FN were calculated by the two methods
and the conditional probability was calculated as shown in
Table 1. The method of “pixel by pixel” averagely showed
81.93% (67.31%∼94.58%) sensitivity, 96.83% (87.09%∼99.24%)
specificity, 94.82% (86.15%∼98.45%) accuracy, and 0.79
(0.68∼0.94) DSC. Also, the method of “region by region”
averagely showed 93.37% (80.95%∼100%) sensitivity and 0.73
(0.3∼0.98) DSC. Specificity and accuracy were excluded
because it was impossible to compute TN from the method
of “region by region.”
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(a) (b)

(c) (d)

Figure 6: Examples of Renyi’s entropy threshold algorithm results. (a), (c) An image of drusen candidate. (b), (d) An image of Renyi’s entropy
threshold algorithm.

Original Manual Automatic

Small

Medium

Big

Figure 7: Examples of drusen detection results by size (small,
medium, and big size drusen). Comparison between the manual
detection method and proposed automatic detection method.

In this paper, correlation analysis and reliability analysis
were performed on areas of drusen measured by automatic
andmanualmethods. As a result, the area of drusenmeasured
by automatic method shows the significant correlation (𝑟 =0.986, 𝑝 < 0.01) with the area of drusen measured by the
manual method in the correlation analysis using Pearson’s
correlation as shown in Figure 8(a). Additionally, Bland-
Altman plots show quite good comparability as shown in
Figure 8(b), as most values are within ±1.96 standard devi-
ations from the average position of the respective area differ-
ences. In the reliability analysis using Intraclass Correlation

Coefficient (ICC) which was used to evaluate the agreement
between the two evaluators, ICC was 0.984 (CI: 0.967∼0.993,𝑝 < 0.01) between the areas of drusen measured by manual
and automatic methods, and there was no difference in the
measured area.

5. Discussion

Existing drusen measurement is difficult to use in clinic
because it requires a lot of time and effort for visual
inspection. In order to resolve this problem, we proposed
an automatic method for drusen detection using computer
image-processing techniques. The sensitivity of the auto-
matic detection result compared to that of manual detection
result is 93.37% and DSC is 0.73. This result shows higher
sensitivity than the results of other studies that attempted
an automatic drusen detection. For example, Brandon and
Hoover attempted to design a statistics method of multilevel
classification approach and obtained an average accuracy
of 87% with 119 images [15]. Moreover, Köse et al. tried
automatic segmentation of drusen by using inverse region
growingmethod and obtained an average accuracy of 92.07%
with 30 images [16]. Brandon and Hoover’s study showed a
relatively lowdetection rate of 87%detection rate. In addition,
since the entire fundus image is used without ROI, it takes a
long time for the algorithm and the probability of occurrence
of FP increases. On the other hand, we can reduce the
processing time of the algorithm and detect more precisely,
because we limit the algorithm target to the macula area
through the ROI. Köse et al.’s study showed high accuracy.
However, it is based on a region growing algorithm. If there
is a gradient in the fundus image, it can affect the region
growing algorithm. However, because we use the difference
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Figure 8: Graph for the correlation between manual and automatic area measurement results. (a) Scatter plots; (b) Bland-Altman plots.

image with the gradient removed, there is an advantage
that the threshold can be detected accurately without any
problem caused by the gradient.The studies compared above
were evaluated using different data. Therefore, it was difficult
to objectively compare with our studies. In future studies,
we will use open-data to evaluate the performance of the
proposed method and to perform additional validation by
comparing it with other studies using the same data.

Both “pixel by pixel” and “region by region” methods
showed high sensitivity (81.93%, 94.82%), whereasDSC (0.79,
0.73) showed relatively low results. It was analyzed that DSC
was low because FP was detected much. In addition, soft
drusen with a wide spread shape had limitations in detection
due to ambiguous boundary. The leading cause of FP was
the background noise. We can reduce the FP by adjusting
the kernel of the filter, but there is a risk of affecting drusen.
Therefore, it is necessary to study algorithms that can remove
noise without affecting drusen. We expect it to be effective
in reducing FP by using techniques using the features of
drusen such as machine learning and deep learning. In
further studies, we believe the performance can be improved
by developing additional algorithms to solve the problem
of FP removal and soft drusen detection. In conclusion, we
expect that the automatic drusen detection helps clinicians
to improve the diagnostic performance in the detection of
drusen on fundus image.
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