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Abstract: Objectives: Digital sphygmomanometers have been used for more than 40 years in Western medicine for
accurately measuring systolic and diastolic blood pressures, which are vital signs observed for the diagnosis of dif-
ferent diseases. Similarly, traditional Chinese medicine (TCM) has been using wrist pulse diagnosis for thousands of
years. Some studies have combined digital wrist pulse signals and the diagnosis method of TCM to quantify pulse
waves and identify diseases. However, the effectiveness of this approach is limited because of scattered methods
and complex pathological features. Moreover, the literature on TCM does not provide quantitative data or objective
indicators. Methods: In this prospective study, we developed a diagnostic system that contains a modified sphygmo-
manometer. In addition, we designed a procedure for analyzing pulse waves with 156 features of harmonic modes
and a decision tree method for diagnosing kidney insufficiency. Results: In the decision tree method, at least three
features of harmonic modes can achieve an accuracy of 0.86, a specificity of 0.91, and a Cohen’s kappa coefficient
of 0.72. By comparison, the random forest method can achieve an accuracy of 0.99, a specificity of 0.99, and a
Cohen’s kappa coefficient of 0.94 within 200 trees. The results of this study indicated that even in patients with
kidney insufficiency and complex etiology, common features can be distinguished by identifying changes in pulse
waveforms. Conclusion: By using the modified sphygmomanometer to measure blood pressure, people can monitor
their health status and take care of it in advance by simply measuring their blood pressure.

Keywords: Wrist-type sphygmomanometer, pulse diagnosis, harmonic modes, kidney insufficiency features, deci-
sion trees

Introduction information. Similar to the use of wrist sphyg-
momanometers, wrist pulses have been used
in traditional Chinese medicine (TCM) to diag-
nose and treat diseases since ancient times

[1]. But in TCM, pulsations are felt by applying

Digital sphygmomanometers are extensively
used in medical institutions and homes, and
more than 31 million new products are intro-

duced to the market every year. Although these
devices provide accurate measurements of
systolic and diastolic blood pressures, the
entire pressure waveforms measured by them
do not provide physiological or pathological

pressure with fingers at three locations on the
wrists.

Pulse diagnosis depends on the subjective
judgment of physicians and thus might be
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Table 1. Baseline characteristics of the participants

Kidney insufficient

Normal group

group (n = 200) (n=200)

Mean SE Mean SE
Age (years old) 68.08 11.34 51.63 15.75
Male proportion 0.52 - 0.45 -
Heart rate 70.96 12.3 75.41 10.55
SBP (mmHg) 155.71 35.30 126.01 24.72
DBP (mmHg) 70.75 16.82 69.57 13.86
eGFR (mL/min/1.73 m?) 5.27 0.38 - -
BUN (mg/dL) 78.53 3.38 - -
Creatinine (mg/dL) 10.39 0.45 - -

Note: SBP, systolic blood pressure; DBP, diastolic blood pressure;
eGFR, estimated glomerular filtration rate; BUN, blood urea nitrogen.

2020). As per a report on the National
Health Insurance (NHI) of Taiwan (2015-
2019), since 2019, kidney dialysis has
been the most expensive procedure cov-
ered by the NHI. This report revealed that
19.1%-19.7% of Taiwanese patients who
received dialysis had not sought any
medical attention before, and these
patients with notable symptoms were
observed after the disruption of renal
function. On the other hand, preliminary
research has revealed that TCM tech-
niques can be effective in the diagnosis
of kidney disease [7].

inconsistent. Such inconsistency has hindered
the development of TCM techniques [2]. On the
other hand, the miniaturization and enhanced
sensitivity of electronic sensors have promoted
the extensive development of diagnostic equip-
ment that utilizes electronic pulses [2]. In addi-
tion, many pulse measurement equipment and
platforms have been developed to collect pulse
data for the diagnosis of four major categories
of diseases [2]: (1) cardiovascular diseases [3];
(2) diabetes [4, 5], arteriosclerosis [6], and
renal disease [7]; (3) arterial elasticity [8] and
endothelial function-related diseases; and (4)
other diseases, such as fatty liver [9], cholecys-
titis, nephrotic syndrome, pancreatitis, appen-
dicitis, acute appendicitis, duodenal bulb ul-
cers, and three states of pregnancy [10].
However, the diagnosis of complex symptoms
by using simple pulses is still challenging.

Kidney failure is a chronic condition in which
one or both kidneys lose function. The causes
of kidney failure are complex and include diabe-
tes, high blood pressure, and acute kidney inju-
ries; common treatment approaches are dialy-
sis and transplant [11]. Chronic kidney disease
(CKD) is characterized by abnormalities in kid-
ney structure or function that persist for more
than 3 months [12]. After the diagnosis of CKD,
the glomerular filtration rate (GFR) should be
determined, and the estimated GFR (eGFR)
should be regularly assessed on the basis of
various filtration markers [13]. According to the
Annual Report of Kidney Disease in Taiwan
(2021), the prevalence of patients with kidney
disease in Taiwan who were receiving dialysis
was 3.77%, which is severe, and the value is
higher than the percentage of adults with low
eGFR in the United States (i.e., 3.68%; USRDS,
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In pulse diagnosis, four types of signal

preprocessing methods are employed for
extracting pulse features [2]: transform-based
methods, nonlinear methods, curve fitting-
based methods, and measure-based methods.
Among these methods, transform-based meth-
ods are the simplest. The fast Fourier trans-
form (FFT) method is a transform-based signal
preprocessing method that reveals frequency
spectrum peaks and their corresponding am-
plitudes. However, the FFT method does not
account for time variations, especially those in
the local features of the pulse waveform in the
time domain. Furthermore, in harmonic modal
analysis, the first harmonic indicates a risk for
nonfatal major adverse cardiovascular events
[5], and a high fourth harmonic with a low third
harmonic indicates a risk for diabetic retino-
pathy [4, 14] and other diseases [15, 16].
Therefore, in the present study, we used har-
monic modal analysis, extracted the single
waveform of each cycle, and applied an FFT to
each waveform to obtain individual harmonic
modes. To promote the use of TCM, we devel-
oped a pulse diagnosis measurement system
based on the conventional wrist-type sphygmo-
manometer. We expect that a convenient point-
of-care sphygmomanometer might be effec-
tive in the diagnosis of kidney insufficiency and
facilitate timely medical attention.

Materials and methods
Study participants

A total of 400 participants were randomly
recruited from the hemodialysis department
of Taipei Municipal Wanfang Hospital, Taiwan.
The cohort included 200 healthy participants
and 200 patients undergoing hemodialysis
treatment (Table 1). The participants were aged
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A cloud computing

clinicians’ blood pressure

consultation wave measurement

Figure 1. Potential convenient point-of-care devices for the proposed sphygmomanometer system: (A) Schematic il-
lustrating self-measurement by a patient and diagnosis by a clinician; (B) Photograph of the proposed system, which
comprises a wrist sphygmomanometer with an air-filled belt that is connected wirelessly to an electronic tablet.

between 20 and 90 years. The patients with
kidney failure had GFRs of less than 60 mL/
min, as determined by a professional nephrolo-
gist. Patients with severe arrhythmia, hypoten-
sion, and upper extremity tremors were exclud-
ed. This study was conducted under the ethical
standards outlined in the Helsinki Declaration
and through a retrospective research pro-
tocol approved by the Ethical Review Board
of Taipei Medical University, Taiwan (IRB No.
N202108016). The medical history and physi-
cal examination reports of the patients were
compiled to determine their demographic data
and clinical variables.

Experimental design

The participants were divided into two groups:
one group contained 200 patients who had
undergone hemodialysis treatment, and the
other group contained 200 healthy partici-
pants. The blood pressure of the participants
in both groups was measured in 5 minute ses-
sions, in which the systolic blood pressure
(SBP), diastolic blood pressure (DBP), and he-
art rates were obtained. The blood pressure
waves of the participants were measured us-
ing a modified sphygmomanometer (HL158HA,
Meridian Medicine blood pressure monitor,
Modest Benefits Taiwan E Chain Co., Taiwan),
and the signals were uploaded to a cloud com-
puting platform, where the data were analyzed.
The results were sent to electronic tablets to
aid clinical consultation, as illustrated in Figure
1. We hypothesized that radial pulse waves
contain physiological features of the kidney.
The harmonic analysis of these waves reveal-
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ed changes that indicated kidney failures.
Therefore, we compared these changes am-
ong the different harmonic modes and applied
decision trees to develop a diagnosis model.

Measurement of radial pulse waves

Blood circulation in the wrist artery involves
a complex three-dimensional fluid-structure
interaction between the blood in the artery and
the arterial wall [17, 18]. TCM physicians detect
pulse signals by adjusting boundary conditions
such as pressures and positions on the surface
of the wrist [19]. They use three fingers to feel
the pressure waves emitted radially from the
arterial wall, and they vary the application of
force at adjacent positions (deep, middle, and
superficial) of the wrist (“Cun”, “Guan”, and
“Chi” [20]) to achieve different boundary condi-
tions (Figure 2A). These boundary conditions
affect the geometry of the local arterial wall
and thus cause changes in the eigenfunctions
and eigenfrequencies of this wall [21]. Thus, a
certain range of frequencies may be amplified
because of boundary effects [22, 23], and a
physician can obtain a wide range of frequen-
cies from the pulse signals by varying the posi-
tions of the fingers and the applied pressure.

To simulate the force applied by three fingers in
this study, we varied the air pressure in the
bowl belt of the modified sphygmomanometer
and generated a pressure region around the
artery (Figure 2B). This pressure was main-
tained for several seconds, and a pressure sen-
sor was used to detect the radial pulse signals
inside the air bowl belt (Figure 2C). The two
pressures used in this study were P, (DBP) and
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Figure 2. Schematic of conditions of the wrist when the physician observes pulse signals: (A) Longitudinal section
depicting mechanical conditions, (B) Transversal section depicting the changing boundaries of the artery after pres-
sure application, and (C) Longitudinal section depicting extra pressure conditions by air-filled belt.
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Figure 3. Blood pressure measurement with the modified sphygmomanometer: (A) The original pulse signal (with
the SBP and DBP) of a participant; (B) Signals obtained at P, and P,

P, (mean arterial pressure; P, = (2/3) x DBP + indicated by green circles in Figure 4A. These
(1/3) x SBP) (Figure 3A, 3B). The DBP and SBP waveforms had different durations and ampli-
were measured before the two pressure tests tudes. We selected the wavelength of the wave
(Figure 3A). The sampling rate was set at 500 with the minimum duration as the cutoff wave-
s?, and the duration of each real measurement length for all waves. Subsequently, every wave
was 12 s. with the same wavelength was duplicated to

expand its duration for the fast Fourier transfor-
Harmonic analysis of radial pulse waves mation. After using an FFT, the amplitudes of

the harmonic modes of these waves in the fre-
Eight pulse waveforms were recorded as raw quency domain were obtained. Because the
data at the maintained pressures, as displayed duration of the waveform was small (At = 1.58
in Figure 4A. The signals did not fluctuate regu- s), the discrete frequency spacing was relatively
larly, as indicated by the fact that the signal large (Af = 0.632 Hz). So, the resolution in the
envelopes were asymmetrical. We superim- frequency range (f = 0-12 Hz) was relatively
posed the recorded eight waveforms and set low. The frequency amplitudes corresponding
the lowest points as the starting points of the to each discrete frequency were different, as
superposition (Figure 4B); the lowest points are illustrated in Figure 4C. The order of the peaks
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Figure 4. Measured radial pulse waves: (A) Raw pulse wave data; (B) Alignment of waveforms and their cutoff wave-
lengths; (C) Amplitudes of the FFT waveforms in the frequency domain; (D) Phases of the FFT waveforms.

was H,, H,, H,, etc., as displayed in Figure 4D.
Accordingly, the mean, standard deviation
(STD), and coefficient of variation (CV) of these
frequency amplitudes were obtained. In addi-
tion, the phase amplitudes and their associat-
ed CVs were obtained (Figure 4D).

Statistical analysis

The MATrix LABoratory (MATLAB, MathWorks,
Inc., Natick, Massachusetts, USA) was used to
analyze the data of all participants. To estab-
lish a modified prediction model, we applied
random forest analysis and constructed predic-
tion models for clinical applications by using
Python codes (Python Software Foundation,
Holland). We developed 200 trees for our pre-
diction model. The minimum and maximum
number of levels of trees in our model were 4
and 8, respectively. The accuracy, specificity,
and Cohen’s kappa coefficient of our models
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were 0.99, 0.99, and 0.94, respectively. The
BP data of all participants were examined for
normality by the Shapiro-Wilk (S-W) test and
the results between grouping were compared.
The p-value of the S-W method tested the nor-
mality of the data. The higher p-value did not
reject the null hypothesis which conformed to
the normal distribution, and the lower p-value
represented rejecting the null hypothesis which
does not conform to the normal distribution.
Pearson correlation analysis was used to com-
pare the amplitudes. We set the significance
threshold at 0.05 for the two-sample t test for
unpaired data. The p values were less than
0.001 for all harmonic modes except H, (P =
0.385), which indicated a significant correla-
tion between the two groups. Data between
treatment groups were analyzed and compared
by Mean + SD, and probability distributions. All
the analysis results were fitted using the in-
built “fitter” code of MATLAB.

Am J Transl Res 2023;15(10):6015-6025
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Figure 5. Statistical analysis of the normal group and the kidney insufficiency group: (A) Bar chart displaying the
probability distributions of the H, amplitude at P, for the two groups. Here, H, is distinguishable between two groups.
(B) Statistical values of the overlap area obtained from all parameters of the probability of statistical distributions
under two pressure conditions for 12 clusters. The overlap areas were normalized in a range between 1 and 0. (C)
Statistical values of the overlap area of the three clusters marked in (B). The harmonic modes (H.,n =0, 1, 2, 3,...,

12) and their related meridians are marked.

Results and discussion

Pressure waveforms of wrist-type sphygmo-
manometers for the diagnosis of kidney insuf-
ficiency

The SBP, DBP, amplitudes, ratios of amplitudes,
CVs of amplitudes, phases, phase differences,
and CVs of phases for the two groups were
obtained at P, and P,. For the first harmonic
mode (H,), the FFT amplitudes for the kidney
insufficiency group ranged within 50-120, and
those for the normal group ranged within 50-90
(Figure 5A). The probability distribution for the
kidney insufficiency group was higher than that
for the normal group, and we calculated the
normalized overlap area between the two gr-
oups for the 156 parameters of the 12 clusters
(Figure 5B). The overlapping areas of three
clusters - amplitudes at P , amplitudes at P,
and CVs of phases at P, - were relatively small.

6020

In addition, we compared these three clusters
to determine the best parameters (Figure 5C).
The smaller the overlapping area, the smaller
the correlation between the two groups. Fur-
thermore, the ratio results (Table 2) indicated
that the amplitudes of all harmonic modes
except H, and H, increased. Moreover, the
STDs for all the harmonic modes except H,
increased. We set the significance threshold at
0.05 for the two-sample t test for unpaired
data. The p values were less than 0.001 for all
harmonic modes except H, (P = 0.385), which
indicated a significant correlation between the
two groups.

Decision tree analysis

We determined the minimum number of possi-
ble parameters required to distinguish between
patients with kidney insufficiency and normal
participants. The two most important parame-

Am J Transl Res 2023;15(10):6015-6025
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Table 2. Harmonic amplitudes at P, for the kidney insufficiency and normal groups

Kidney insufficient group (n = 200) Normal group (n = 200) Ratio

Mean (M,) STD (S,) Mean (M) STD (S,) M /M S./S,
H, 4939.4 538.9 5411.4 567.86 0.91 0.95
H, 84.59 15.15 69.94 10.80 1.21 1.40
H, 35.27 8.20 35.48 6.43 0.99 1.28
H, 19.81 4.70 15.02 3.64 1.32 1.29
H, 11.16 3.00 9.61 2.02 1.16 1.49
H, 8.74 2.14 7.20 1.66 1.21 1.29
H, 6.16 211 4.25 1.32 1.45 1.60
H, 413 1.60 2.80 0.86 1.48 1.86
Hg 3.04 1.36 2.04 0.72 1.49 1.90
Hy 2.28 1.13 1.39 0.59 1.64 1.91
H, 1.70 0.92 0.92 0.45 1.84 2.05
H, 1.27 0.73 0.64 0.34 1.98 2.12
H 0.98 0.58 0.45 0.26 2.21 2.27

i
N

ters with the smallest overlap area were select-
ed (i.e., amplitude H, and the CV of phase H, at
P,). In the decision tree analysis performed in
this study, two levels served as constraints,
and the accuracy was 0.82, the specificity was
0.67, and the Cohen’s kappa coefficient was
0.63 (indicating substantial agreement [24]). In
addition, we added the third most important
parameter, namely amplitude H,,, into the deci-
sion tree analysis and considered three levels.
The accuracy increased to 0.86, the specifi-
city increased to 0.913, and the Cohen’s ka-
ppa coefficient increased to 0.72 (substantial
agreement, Figure 6A and 6B).

When only one cluster was considered [4, 19],
the amplitudes at P, and the high-order modes
(n > 10) were neglected to avoid low sensitivity,
and the optimal sets with the selected param-
eters were (Hl, H3, H6) and (Hl, H3, H7) for three-
level trees. The decision trees achieved accura-
cies of 0.82 and 0.82, specificities of 0.92 and
0.93, and Cohen’s kappa coefficients of 0.63
and 0.64 (indicating substantial agreement),
respectively (Figure 6C and 6D). All the analysis
results were fitted using the in-built “fitter”
code of MATLAB.

Random forest analysis

To establish a modified prediction model, we
applied random forest analysis and construct-
ed prediction models for clinical applications
by using Python codes (Python Software Fo-
undation, Holland). We developed 200 trees for
our prediction model. The minimum and maxi-
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mum number of levels of trees in our model
were 4 and 8, respectively. The accuracy, speci-
ficity, and Cohen’s kappa coefficient of our
models were 0.99, 0.99, and 0.94, respective-
ly. Furthermore, we analyzed the importance of
the parameters and determined the three most
important parameters, namely amplitude H, at
P,, amplitude H,, at P, and phase variation H,
at P, (Figure 7).

Discussion

On the basis of statistics and experimental
results, classically dialectical studies on TCM
have reported various identifying characteris-
tics of pulse phases and corresponding herbal
prescriptions [1]. Pulse diagnosis skills in TCM
were transmitted orally or through clinical
training from masters to apprentices. However,
the results of the pulse diagnosis cannot be
considered quantitative indicators. Therefore,
studies have focused on identifying scientific
indicators for diagnosis and have developed
pulse diagnosis equipment, which, however, is
expensive and currently in the laboratory de-
velopment stage [25]. Furthermore, pulse sig-
nal identification is still challenging. Therefore,
convenient and low-cost equipment, as well as
home-care equipment, should be developed to
implement TCM techniques for pulse diagnosis.
The device developed in this study can be used
to obtain accurate pulse wave information for
pulse diagnosis based on the ancient wisdom
of TCM. The modified sphygmomanometer sh-
ould be initially used to examine the features of
the pulse waveforms of patients with kidney

Am J Transl Res 2023;15(10):6015-6025
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Figure 7. Importance of the major parameters of two selected clusters.

insufficiency. Once a large quantity of data is
collected, predictive models can be subjected
to statistical training for the prediction of cer-
tain diseases and the development of conve-
nient point-of-care devices.

This study was inspired by previous investiga-
tions by our advisor [17, 26, 27], who demon-
strated a correlation between acute hepatotox-
icity and type 2 diabetes with different harmon-
ic modes. In the present study, we used addi-
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tional features and advanced techniques to
explore the diagnosis of kidney disease. Fur-
thermore, to improve pulse diagnosis equip-
ment with three fingers [2], we adjusted the
pressure in the airfilled chamber of a wrist
belt and measured signals in the air chamber
instead of using fingers to apply force at certain
positions. In addition, we hypothesized that the
overall signal detection around the wrist might
include signals from the belt-covered area (i.e.,
signals from three positions, namely Cun, Guan,

Am J Transl Res 2023;15(10):6015-6025
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Figure 8. Modified waveform obtained through the simulation of the kidney insufficiency group and the comparison
of this waveform with the original waveform. A. Harmonic modes enhanced and compared with the original wave-
form; B. Specific modes enhanced, such as only H,, H,, H,, and H_,,.

and Chi). Note that strong correlations at these
positions were demonstrated by Li et al. [20].

In this study, we modified the progression of
harmonic wave analysis. First, we reduced the
frequency resolution spacing (Af) to enhance
the stability of amplitude and phase calcula-
tions. Second, in the waveform analysis, we
selected the lowest points to align every wave-
form, selected the wavelength of the minimum-
duration waveform as the cutoff wavelength,
and expanded the wavelength by duplicating
the single waveform before using an FFT. We
did not scale the wavelength to normalize it and
to prevent the shifting of the real frequency.
The two modifications reduced computational
complexity and promoted the stability of numer-
ical solutions, thereby increasing the repeat-
ability of the measurements. However, the pro-
posed method has a few limitations. First, the
cutoff wavelength causes discontinuities in the
interface of the two duplicated waveforms, and
the discontinuities induce an additional con-
tribution to the frequency spectrum, but only
for frequencies higher than 50 Hz. Second,
although the proposed method reduces noise,
it also decreases the frequency spacing resolu-
tion. Third, our method neglects the baseline
wander (the asymmetry of the envelopes) in the
pulse waveform that may reflect other diseas-
es. For the baseline wander, see reference [19].
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Our data suggested that the parameters corre-
sponding to P, were more effective for identify-
ing kidney insufficiency than those correspond-
ing to P.. In the decision tree analysis, we
restricted the fit level number to the number of
parameters, which helped prevent the overfit-
ting caused by the presence of many thresh-
olds and levels and enabled the achievement
of customized results. Moreover, the three
most important parameters were also shown in
the random forest method, and the amplitude
and the phase CV clusters at P, were also bet-
ter than other clusters.

Pulse diagnosis in TCM relies heavily on identi-
fying pressure differences by touching with fin-
gers [28]. To visualize these differences, we
obtained the waveforms for the normal partici-
pants (Figure 4A) and used them as base wave-
form to simulate changes in the waveforms for
patients with kidney insufficiency. Table 2 lists
the ratios obtained by comparing the parame-
ters of the kidney insufficiency and normal
groups. We applied these ratios to adjust the
amplitudes at modal frequencies and simulate
the amplitudes for kidney insufficiency. By
implementing an inverse FFT on harmonic
modes, we obtained modified time-domain
waveforms, as displayed in Figure 8A. The
differences between the modified waveform
and original waveform indicated differences
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in blood pressure between the two groups.
Moreover, we used the single mode to identify
the key characteristics among the previously
selected parameters (Figure 8B). The ampli-
tude and wavelength of the waveform increas-
ed when H, was enhanced; the intensity of the
waveform increased when H, was enhanced;
the noise in the waveform increased when H,
was enhanced; and the waveform contained
wavelets when H , was enhanced.

The dominant frequencies of healthy partici-
pants were in similar frequency ranges to those
observed in previous relevant studies [19, 20,
29, 30], which indicated the accuracy of the
method proposed in this study. However, this
study is limited by its use of two pressure steps
(P, and P,), which are insufficient compared
with the three pressure steps used in the pulse
detection method in TCM. In particular, the
light (Fu), moderate (Zhong), and heavy (Chen)
forces applied at the three positions - Cun,
Guan, and Chi - are night combinations. Des-
pite this limitation, the modified device devel-
oped in this study is equipped with highly sensi-
tive pressure sensors to enhance signals. The
analysis results indicated the existence of fre-
quency doubling, which suggests that the pro-
posed method does not neglect key frequen-
cies. Another limitation of this study is the
amplitude values, which will be more compara-
ble to real values once sufficient statistical
data are obtained.

Conclusions

In this study, we developed a modified wrist-
type sphygmomanometer to detect pressure
waveforms for the diagnosis of diseases. A sim-
ple air-pressure wristband with a highly sensi-
tive pressure sensor was applied as an alterna-
tive to the three-point, pulse-detecting tech-
nique implemented in other devices. Our data
suggested that the use of sphygmomanome-
ters for measuring blood pressure is conve-
nient, accurate, and well-established in mod-
ern clinics and can be extended to TCM clinics
to aid pulse diagnosis and care.
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