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Hemoglobin and the glucose level can be measured after taking a blood sample using a needle from the human
body and analyzing the sample, the result can be observed. This type of invasive measurement is very painful and
uncomfortable for the patient who is required to measure hemoglobin or glucose regularly. However, the non-
invasive method only needed a bio-signal (image or spectra) to estimate blood components with the advan-
tages of being painless, cheap, and user-friendliness. In this work, a non-invasive hemoglobin and glucose level
estimation model have been developed based on multigene genetic programming (MGGP) using photo-
plethysmogram (PPG) characteristic features extracted from fingertip video captured by a smartphone. The
videos are processed to generate the PPG signal. Analyzing the PPG signal, its first and second derivative, and
applying Fourier analysis total of 46 features have been extracted. Additionally, age and gender are also included
in the feature set. Then, a correlation-based feature selection method using a genetic algorithm is applied to
select the best features. Finally, an MGGP based symbolic regression model has been developed to estimate
hemoglobin and glucose level. To compare the performance of the MGGP model, several classical regression
models are also developed using the same input condition as the MGGP model. A comparison between MGGP
based model and classical regression models have been done by estimating different error measurement indexes.
Among these regression models, the best results (+0.304 for hemoglobin and +0.324 for glucose) are found using
selected features and symbolic regression based on MGGP.

1. Introduction

Blood is an important component of the human body, and hemo-
globin (Hb) and glucose (Gl) are two key components of human blood. A
number of biological activity is done with blood. Hemoglobin carries
oxygen around the body from the lungs. Both the deficiency of hemo-
globin and excessive hemoglobin cause disease. The body produces
glucose from foods that supply energy to all the cells in the body. But, if
too much glucose remains in the blood, it causes problems. Diabetes is
one of the most common diseases in the world [1]. It occurs when the
body system cannot control the sugar level in the blood. Long term
diabetes is very risky because it can increase the risk of stroke and other
heart diseases, damage kidneys and nerves, and lead to blindness [2].
Continuous monitoring of glucose levels is crucial for diabetes patients.
Likewise, regular measurement of hemoglobin level is very important
for dengue fever patient [3], anemia patient [4] and premature babies
[5].

* Corresponding author.

Various invasive methods are being used for blood component
measurement. Most of these methods measure blood components
drawing blood via venipuncture from the body. These methods are
painful and have a risk of infection as blood is drawn using a needle, and
take much time to produce result analyzing the blood sample. On the
other hand, the non-invasive methods are more convenient to the pa-
tients as only bio-signal (optical or spectral) is enough to measure the
blood components instantly. Although invasive techniques are more
reliable, it is often costly and required a well-equipped diagnostic center
with adequately trained personnel. For the same task, non-invasive
methods are fairly new and can generate relatively accurate results
using the current technology. In 2020, COVID-19 spreads all over the
world and unfortunately it is not easy to control because of its speed and
reach of spread depends on many social and environmental issues [6].
During the COVID-19 pandemic, the importance of non-invasive mea-
surement has been realized as everyone has to maintain a distance.
Moreover, the doctors and nurses are incapable of serving the COVID-19
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Fig. 1. Phase involved in non-invasive prediction system.

affected patient as it is a highly infectious disease [7,8]. As a contactless
method, the non-invasive procedure is highly recommended in this
situation.

Noninvasive systems have mainly three functional units shown in
Fig. 1: (1) a data collection unit which gathers raw optical or spectral
data from the subject; (2) a feature engineering unit that extracts fea-
tures reprocessing the row biosignal; (3) a prediction unit that estimates
and validates results using different prediction models (e.g. machine
learning model, MGGP model, etc.). Photoplethysmography (PPG) is an
optically obtained plethysmogram often acquired by pulse oximeter to
discover the variation in blood volume in microvascular tissue bed.
There is much research based on the PPG signal for healthcare moni-
toring over the past 10 years. For example, hemoglobin level [3,9,10],
heart rate monitoring [11], sleep monitoring [12], real-time monitoring
of hemodynamic parameters [13], blood pressure estimation [14]. PPG
based near-infrared spectroscopy is the most admired technique by the
researchers because of its get-at-able and cheap setup [15]. In recent
days, there are several smartphones which have builtin sensor system to
instantly measure heart rate, oxygen saturation based on photo-
plethysmography (PPG). This type of non-invasive methods are
becoming much more attractive to the people by its evident advantages
such as user-friendly, pain-free, no risk of infection, and can generate
result instantly [16]. However, for the advancements of the technology
smartphone camera has the ability to being used as a sensor. For
example, in the year 2015, Wu et al. [17] used the image captured by
iPhone-4 and Devadhasan et al. [18] used Samsung to predict Glucose
level. Zaman et al. [19] in 2012 used video captured by iPhone-4/5/6 to
calculate heart rate. In the same year Anggraeni et al. [20] developed a
system using Asus Zenfone 2 Laser to estimate hemoglobin level from
the image.

In this paper, we have proposed a non-invasive blood component
(hemoglobin and glucose) measurement method using symbolic
regression of multigene genetic programming (MGGP) and fingertip
video. Fingertip video data is collected using a near-infrared light-
emitting diode (NIR-LED) by a smartphone camera. Processing the
video, PPG signal is generated by applying several filleting methods.
Then, features are extracted from the PPG signal, its first and second
derivatives, and using Fourier analysis on the signal. After feature
extraction, a correlation-based feature selection method using a genetic
algorithm (GA) has been applied to select the best features and discard
redundant and irrelevant features for hemoglobin or glucose measure-
ment. Finally, we have developed two independent models to estimate
hemoglobin and glucose level using MGGP. The major contributions of
this paper are:

e Generation of PPG signal from fingertip video.

e Extraction of PPG characteristic features from PPG signal.

e Reduction of features using a correlation-based feature selection
approach using a genetic algorithm (GA).

e Development of MGGP based mathematical models for hemoglobin
and glucose measurement. The models can be used for smartphone
app-based noninvasive estimation.

Rest of the paper is organized as follows: an overview of the existing

works related to our work is briefly discussed in Section 2. A brief
overview of MGGP is given in Section 3. The proposed methodology is
explained elaborately in Section 4. Performance analysis of our work
along with the comparison of results with previous works are demon-
strated in Section 5. Finally, the paper ends with conclusions and future
directions of this work in Section 6.

2. Related work

In this section, previous experiments and literature surveys are
reviewed. There are numerous noninvasive hemoglobin or glucose
measurement method available related to our work. Among these, Wang
et al. [3,21] developed HemaApp, a smartphone application to monitor
Hb concentration level using a camera and some light sources. When
collecting data, they point light source towards the finger and carry out
chromatic analysis to estimate hemoglobin level. The dataset they used,
focus on a range of Hb concentration level (8-16 g/dL), which covers a
certain level of anemia and normal people. However, this is not suffi-
cient for the people whose hemoglobin level is <8 (heavily anemic).
They achieved Pearson correlation between 0.69 and 0.82 and RMSE
rate 1.26-1.56 g/dL using visible IR lights and obtained Pearson corre-
lation and RMSE 0.62 and 1.27 g/dL respectively for white LED.

A PPG signal based non-invasive Hb concentration level prediction
method analyzing PPG characteristics features using several machine
learning techniques was introduced by Kavsaoglu et al. [9]. Datasets
(PPG signals) were collected from 33 people illuminating light at the
finger in 10 periods and after analyzing, 40 characteristic features were
extracted. Before the construction of eight different regression models,
RELIEFF feature selection (RFS) and correlation-based feature selection
(CFS) was employed to select the best features. The support vector-based
regression model was performed better than the other model according
to prediction results.

Hasan et al. [22] developed SmartHeLP, a smartphone-based he-
moglobin estimation system with an artificial neural network (ANN) and
fingertip video. The authors collected a 10-s video form 75 participants
of 20-56 years of age and hemoglobin level from 7.6 to 13.5 g/dL. Red,
green, blue pixels intensities were separated for feature extraction and
ANN is used to develop a model using these features to estimate he-
moglobin level. They obtained R? = 0.93 and also identified a specific
region of interest in the image frame to decrease the necessary feature
space.

In [23] Yuan et al. present a NIR spectroscopy-based non-invasive Hb
estimation method using indium gallium arsenide (InGaAs) detector
array and plane grating spectrometer. 91 volunteers’ fingertip blood
spectra data were collected and divided into three categories. Two
prediction tests were performed to improve the accuracy. In each test,
PLS, MSC coupled with PLS, DOSC coupled with PLS methods were
analyzed respectively. For PLS prediction accuracy in terms of relative
RMSEP was 6.31% and 7.61% respectively for two tests. For MSC
coupled with PLS method, relative RMSEP was 7.0% and 8.09% and
relative RMSEP was 6.16% and 6.08% for DOSC coupled with PLS.

In the article [24], they proposed a spectrophotometric non-invasive
Hb concentration level prediction system combining a broadband light
source which consists of nine LED, a grating spectrograph, and a Si
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photodiode array. Fingertip spectra of 109 people were collected and
principal component analysis (PCA) was applied on spectra to minimize
the dimension of the data. The correlation coefficient of the developed
model was 0.94 with 11.29 g/L standard error of calibration (SECal).

Robert et al. [25] developed a smartphone app-based technology to
detect anemia (caused by the deficiency of hemoglobin) from fingernail
photos. User capture photo of fingernail and upload to their system via
the app. Analyzing the color of the image pixels and metadata of the
fingernail bed result is instantly displayed on the screen with an accu-
racy of +2.4 g/dL. They used multi-linear regression with a bisquare
weighting algorithm to estimate hemoglobin value.

Al-Baradie and Bose [26] designed a portable non-invasive hemo-
globin measurement sensor using several hardware modules consists of
light source and receiver (phototransistor), ARM processor LPC 2148,
LCD. 670 nm NIR-LED was used for data collection and the Hemo Cue
instrument was used to calibrate the sensor system. Analyzing the result,
a linear relationship was tracked out between the Hb concentration level
and Hb coefficients measured by the sensor.

Glovanni et al. [27] developed a non-invasive device to estimate
anemia from conjunctiva image. Conjunctiva image was collected using
smartphones. They conducted tests on 113 persons both healthy and
anemic and obtain a correlation coefficient of 0.65 between real he-
moglobin value and the observed value using blood sample. K-nearest
neighbor classification with 10-fold cross validation is used to determine
the risk of anemia.

Soni et al. [28] developed a glucose estimation system using saliva
and a smartphone. A sensor was fabricated by immobilization of glucose
oxidase enzyme along with a pH-responsive dye on a filter paper-based
strip so that it changes color with the variation of glucose present in
saliva. Changes in color were detected by a smartphone camera through
RGB analysis and the result displayed on the screen. The effect of the
smartphone model on the sensor is also studied as the specification of
the camera is changed with the model. They found that within the dark
box, changes in pixel intensity with respect to smartphone models were
not significant. However, in ambient light condition variations in pixel
intensity with the smartphone model were noticeable. They obtained a
correlation of 0.44, 0.64, and 0.94 for healthy, prediabetic, and diabetic
people respectively.

Ramasahayam et al. [29] reported the NIR spectroscopy technique
based on NIR LED and a photodetector constituting an optode pair, using
transmission photoplethsymography (PPG). The spectroscopy has been
performed at the second overtone of glucose which falls in the NIR re-
gion to estimate blood glucose concentration. After obtaining the PPG
signal from 1070, 950, and 935 nm near-infrared signal, it processes PPG
signal and double regression has been applied with an artificial neural
network to estimate blood glucose concentration. RMS error of the
estimation was 5.84 mg/dL.

Malin et al. [30] demonstrate a non-invasive glucose prediction
method using NIR diffuse reflectance over the 1050-2450 nm. To pre-
dict glucose concentration of blood two approaches were used. In one
approach, random NIR spectra of 7 diabetic patients were examined
over 35 days. In another approach, 3 non-diabetic people were tested
using oral glucose tolerance tests over several days. Total 20 NIR spectra
were taken over the 3.5h test for analyte analysis. The mean standard
error for two approaches were 1.41 mmol/L (25 mg/dL) and 1.1 mmol/L
(20 mg/dL) respectively. The mean standard error for the independent
tests was equivalent to 1.03 mmol/L (19 mg/dL). These results indicate
that NIR diffuse reflectance spectroscopy can be used to estimate blood
glucose concentrations noninvasively.

Pai et al. [31] developed a cloud computing-based glucose moni-
toring technique using near-infrared photoacoustic spectroscopy. A
portable embedded system collects photoacoustic signals from tissue
using a FPGA and in the back-end, the signal is denoised at a very high
speed. Multiple features of the photoacoustic signal were applied to a
kernel-based regression algorithm to predict the glucose concentration
of blood. The system is connected to the cloud using a mobile phone and
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Fig. 2. (a) Tree structure of symbolic regression model, (b) crossover,
(c) mutation.

its perform calibration tasks, store data, and analysis measurement data
for monitoring and treatment. The mean absolute relative difference of
the calibration algorithm was 8.84%.

With this study, we observed that video or digital images of different
parts of the body (eye, finger, conjunctiva, etc.) are capable to measure
the blood components such as hemoglobin or glucose. Several existing
techniques used special sensors to capture signals from the subjects.
Most of the techniques used machine learning algorithms and classical
regression methods to estimate the results. However, we used a symbolic
regression to generate a mathematical model to estimate the results. As a
mathematical model, it can be run on any device without requiring
special hardware requirements. A user can easily grasp the terms of the
predictive equation generated by MGGP which help to trust the model
[32]. Human can easily insights into the MGGP model as it is visible to
everyone, unlike typical back box predictive models. It is difficult to
overdraw the importance of trust and understanding in predictive
models. Unlike most of the soft-computing techniques such as artificial
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neural network (ANN), deep learning (DNN) or support vector machine
(SVM), no specialized software environment setting is needed to deploy
the trained MGGP model. The model equation can easily be used in any
environment outside MATLAB for structural transparency of the model.
A user can easily convert the model equation to any modern computing
language without prior knowledge of MGGP.

3. Multigene genetic programming

Genetic programming is a search-based optimization technique
derived from the biological phenomenon of natural selection [33]. It
works on population, a pool of possible solutions. Initial population is
generated randomly and mimicking the Darwinian evolution, it con-
tinues until the satisfactory fitness is found or touches the iteration limit.
Typically symbolic regression is performed using GP where each indi-
vidual represents a single tree structure. On the other hand, in multigene
genetic programming (MGGP), each individual is composed of one or
more gene and each gene form a traditional GP tree. The output of a
symbolic regression model is a weighted linear summation of genes.
Typically, a symbolic regression model encodes a mathematical
expression or function to predict an output using a corresponding inputs
variables (1).

Y =f(F1,Fy ..., Fy) (€D)

where

e y: output response

e f: symbolic non-linear function or a collection of non-linear functions
e F,F,,...,Fy: input variables (features)

e M: number of input variables (features)

In the beginning, a symbolic expression is randomly generated using
simple tree building algorithm that randomly picks node from the sup-
plied function set (e.g. +, — , *, /), input variables, and randomly
generated constants. Nodes are then randomly assembled maintaining
tree depth or size limitation and form tree structure of symbolic ex-
pressions. Evaluating the population for a number of generation by ge-
netic operations, the tree expression with the best fitness is selected as
the solution. A tree structure of symbolic regression model with three
input variable and two genes is illustrated in Fig. 2(a), where Y is output,
Xx1,X and x3 are input variables, by is bias and b; and b, are weight
variables. Two fundamental genetic recombination operations are
crossover and mutation. Crossover is performed on two parent trees, one
sub-tree from each tree is selected randomly and exchanged between

Table 1
Statistical descriptions of dataset.

Participants demographics (N = 111)
Male 65, female 46
0-79 (u = 32.87,06 =16.91)

Gender

Age (years)

Gold standard value
Hemoglobin (g/dL)

Glucose (mmol/L)

7.6-21.49 (p = 12.77,6 = 2.20)
2.67-21.11 (u = 6.47,06 = 2.76)

them to generate two new child trees (Fig. 2(b)). As presented in the
figure sub-tree (-5*x2) and (x1/x2) from parents was interchanged to
formulate new child genes. On the other hand, the mutation is per-
formed on a single parent tree. A sub-tree (cos*x3) is deleted randomly
from the parent and generate a sub-tree (x1/x2) randomly using the
same tree building algorithm as the initial state to insert in position from
where the sub-tree is deleted (Fig. 2(c)).

4. Methodology

In this section, our proposed methodology is explained elaborately.
Data collection, PPG signal generation, feature extraction, feature se-
lection and model construction process are explained here. Main steps of
our proposed system are depicted in Fig. 3.

4.1. Data collection

In this work, fingertip videos (.mp4) of 111 various type of patients
including male and female as well as infant are collected. Moreover, in
our dataset both diabetic (Type-1 and Typ-2) and non-diabetic patient
are included. Premature baby as well as pregnant patient are also
included in our dataset. At the same time, the true value (gold standard)
for hemoglobin (complete blood count (CBC)) is measured with Sysmex
XS-800i Haematology Analyzer, and glucose (random blood sugar test-
RBS) is measured with Thermo Scientific Konelab 60i, Chemistry
Analyzer respectively in the clinical laboratory. Data description is
presented in Table 1. Before the data collection collector was trained
properly on how to collect fingertip video. Data collection is a very vital
step as data can be corrupted within a moment for a simple mistake and
affect all the next processes and even all the effort can be destroyed.

The previous works we have studied used 600-1400 nm NIR-LED
light for the data collection. For example, Ramasahayam et al. [29]
used 935, 950, and 1070 nm NIR to estimate glucose level. In HemaApp
by Wang et al. [3,21] used 500, 700-1300nm NIR to measure
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Fig. 4. Data collection: (a) NIR-LED box, (b) power on of the box, (c) finger placed on the box, (d) capturing video.

hemoglobin concentration. However, in this paper, 850 nm NIR-LED
board has been used for illuminating the finger while recording the
video using smartphone camera. It is consisting of six infra-red (NIR)
LEDs and one flash LED. Traditionally, PPG signal acquired using optical
techniques like sensor-based device. However, we used smartphone
camera as a sensor to capture variation of light intensity reflected from a
finger caused by the change of blood volume in systolic and diastolic
cycles. The device needs to wear only during examination not all the
time. From the experience of data collection, we have found out some
challenges and recommendations:

1. Index finger was clean and dry before collecting the fingertip video
otherwise we cannot obtain the PPG feature correctly. Nail polish
was strictly prohibited.

2. The NIR-LED board was constructed user friendly so that participant
can easily put the finger on the board. The index finger was recom-
mended for capturing the fingertip video.

3. While capturing the video, the finger was placed with normal pres-
sure and without any movement (wait some time for camera stabi-
lization) otherwise, noise may be inserted. A slightest movement
may disrupt the data and if extra pressure is produced on the finger
then, the arterial wall may be deformed and leads to wrong reading
[34].

4. Another problem in data collection is, if a camera is on for a long time
then heat can be produced by the camera that leads to wrong
reading.

5. Same condition (room temperature and light, camera device) should
be maintained during the acquisition of data from any participant so
that all data remain in same scale.

After the installation process following these recommendations, the
finger is placed on the NIR-LED board and illuminating the finger with
the light. Finally, a 15 s video is captured placing a smartphone (Nexus-
6p) camera on the finger according to Fig. 4. From each video data first
3s and last 2 s are discarded to avoid unstable frame.

4.2. PPG signal generation and feature extraction

The PPG signal reflects the blood movement in the vessel, which goes
from the heart to the fingertips and toes through the blood vessels in a
wave-like motion. According to heart blood circulation patterns, arteries
carry more blood in the systolic period than the diastolic period. As a
result, the absorb (blood) of light in the tissue with arteries varies with
these two blood circulation period. During the systolic period, the
diameter of arteries is higher than the diastolic period and light passes
through a longer path. In contrast, light passes a shorter path during the
diastolic period. For these reasons, the light intensity is changed with
time and the pattern is called PPG-wave.

Region of interest (ROI) has a significant effect on PPG signal gen-
eration [44,45]. For PPG generation from an image frame, the choice of
channel (RED, GREEN, BLUE) is a vital issue. It is seen that if pixel
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Fig. 5. Block diagram of feature extraction.

intensity in an image is <200 then, it is very difficult to obtain all the
characteristic features from the generated PPG signal. RED channel in-
tensity was between 225 and 240. On the contrary, GREEN and BLUE
Channel intensity were 0-3 and 15-25 respectively. HemaApp [3] used
the central region of an image frame and averaged the intensity for each
channel, while Scully et al. [46] took 50 x 50 pixels frame on the green
channel and Jonathan et al. [47] used 10 x 10 pixels block of mean
intensity from the central region. SmartHeLP partition the image into
10 x 10 pixels block to locate the best position for strong PPG signal.
However, we have considered only the highest intensity channel (RED)
with the highest positive peck of 500 x 500 pixels from right to left.

The following steps are followed to obtain PPG Wave from collected
videos:

1. Video is formed by a sequence of frames of a scene. From each video
300 image frames (10s x 30 fps) are extracted.

2. Each image frame has three different channels (RED, GREEN, BLUE)
and channels are separated using chromatic analysis. Then, the
channel with the highest intensity is identified and used in the next
step.

3. Bandpass Butterworth Filter [34] is applied to the output of the
previous step. Butterworth filter flattens the frequency response as
much as possible.

4. Peak detection algorithm [48,49] is applied to find the peaks on the
signal. Best PPG wave (the wave which has highest positive peak) is
identified from PPG signal and stored for feature extraction.

At first, various prepossessing action had been applied to reduce the
noise as raw PPG signals are prone to the noise and motion artifacts. A
finite impulse response (FIR) filter was applied to eliminate noise. After
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Table 2
Extracted features from PPG.
Feature Descriptions Feature Descriptions
Fi: Age Age of patient in years Fos: te1 Interval time from point
f1 to point e;
F,: Male or Female Fog: ty Interval time from point
Gender fi to next f; point
Fi3:x Systolic peak [35] Fa7: by /ay Ratio of b, and a, [36,
371
Fyy Diastolic peak [35] Fog: ex/ay Ratio of e; and ay [36,
38]
Fs:z Dicrotic notch Fag: (b2 + Ratio of (b + e2) and a2
ey)/a:
2)/az (38]
Fe: ty; Pulse interval Fao: tgn Time interval from
point f, to next point ay
Friy/x Augmentation index [36] Fa1: tyo Time interval from
point f> to next point by
Fg: (x-y)/  Alternative augmentation Fa: tq [ty Ratio between time
X index [39] interval of a; (t1) and
pulse interval
Fo: z/x Ratio of dicrotic notch and Fs3: tyy [ty Ratio between time
systolic peak [40] interval of by (tp; ) and
pulse interval
Fio: (y- Negative relative Fay: to [ty Ratio between time
X)/X augmentation index interval of f; (t,;) and
pulse interval
Fi:ty Systolic peak time Fas: tr1 [ty Ratio between time
interval of fi (t;) and
pulse interval
Fia: ty Dicrotic notch time Fag: tap [ty Ratio between time
interval of t(t,;) and
pulse interval
Fi3: t3 Diastolic peak time Fa7: tp [ty Ratio between time
interval of by (ty;) and
pulse interval
Fi4: AT Time between systolic and Fag: (ta +  Ratio of (tg + tg2) pulse
diastolic peaks te2) /by interval
Fis:t1/2 Time of half systolic peak Fso: (ty1 + Ratio of (ty + ty2)/tyi
point th2) /tyi and pulse interval
Fi6: A2/ Inflection point area ratio- Fao: (ta + Ratio of (te1 +t2)/ty
A IPA [41,42] t2)/tyi and pulse interval
Fi7:t1/x Systolic peak rising curve Far: (tr + Ratio of (tp + t3) /ti
t3)/tyi and pulse interval
Fig:y/ Diastolic peak downward F42: foase Fundamental
(tpi — curve component frequency
t3) acquired from FTT
Fro: t1 [ty Ratio of t; and t; Fa3: |Spase| Fundamental
component magnitude
acquired from FTT
Foo: ta [ty Ratio of t; and t; Fas: fond 2nd harmonic
frequency acquired
from FTT
For: t3/ty Ratio of t3 and t; Fus: [Sond| 2nd harmonic
magnitude acquired
from FTT
Fap: AT/ Ratio of Time between Fas: fard 3rd harmonic frequency
tyi systolic and diastolic peaks acquired from FTT
and pulse time interval
Fo3: ty Interval time from point f; to  Fa7: [S3nq| 3rd harmonic
point a; magnitude acquired
from FTT
Fog: tyy Interval time from point fi to  Fag: sVRL Stress-induced vascular
point by =Vy/Vh response index [43]

prepossessing, 46 characteristic features of PPG are extracted analyzing
the PPG wave (Fs to Fop and Fyg), its first and second derivative (Fa3 to
F41) [50] and using fourier analysis (Fast Fourier Transformation (FTT))
(F42 to F47). Additionally, age (as year) and gender (as male or female)
are added to the feature set. Block diagram of the feature extraction
process is depicted in Fig. 5. All the features are listed in Table 2 and
features with characteristics point of PPG are illustrated in Fig. 6.
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4.3. Feature selection

Feature selection is the most important step before model construc-
tion as the prediction power of a model depends on the features.
Redundant, irrelevant, or partially relevant features can negatively
affect model performance. There are several benefits of performing
feature selection before developing the model. Firstly, reduces over-
fitting opportunities by discarding redundant features. Secondly, this
process discards irrelevant features which reduce misleading opportu-
nities and improves model accuracy. Lastly, it reduces the number of
features, hence reduces the complexity of the algorithm and model
trains faster. There are a number of feature selection methods for feature
selection. In this work, a correlation-based feature selection (CFS) using
a genetic algorithm is applied [51]. It works based on the genetic al-
gorithm (GA). Initially, it selects a subset of features randomly as initial
population (a pool of possible solutions) and computes fitness by an
objective function (6) that measures the suitability of the features. Ac-
cording to GA, a number of genetic operations are performed on the
population to generate a new population. Fitness is calculated in the
same way as the initial population and repeat the process. Features
(individuals) in each generation are selected by the search technique
based on fitness value. The individual with a larger fitness value has a
higher probability of selection. This process ends when it reaches the
maximum generation limit or touches the satisfactory fitness level. To
select the best features using GA, we used following control parameter:
population limit="75, generation limit=100, probability of cross-
over =0.10, probability of crossover = 0.20, crossover
criteria = 2-point, selection criteria = roulette wheel. Feature selection
process is illustrated in Fig. 7. The probability of selecting kth individual
from the population is indicated in (2):

fit
= e — 2
P > it 2

where

e p;: probability of selection of ith individual.
o fity: fitness of kth individual.

A suitable objective function is required to test fitness. Here, a
correlation-based fitness function is used. Let, 01, 03, ..., oy be the output
values and Fj,Fs,...,Fy be the corresponding n-dimensional feature
vectors. Distance between any two output values, D, can be expressed as
(3) and the distance between corresponding feature vectors, D can be
express as (4) and (5):

D, =o0; — 0j 3)
e IfD, >0
" (Fix — Fix)?
Dy — ,/M @
e If D, <0
" (F— )
Dy = k:l( ,; j«k) (5)

Finally, correlation, r (as objective function) between Dr and D, can
be calculated as (6):
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Fig. 6. The characteristic features: (a) acquired from PPG signal, (b) acquired from the first and second derivatives.

>, (Dk;~Dr)(Do; D) 4.4. Model construction and validation
r= == = ®)
\/ Zf(")ﬂ; br) Z"Usﬁ; Do) Two independent models using MGGP were constructed on the basis

of the features selected in the feature selection stage by GA. In this study,
GPTIPS toolbox [52] written in MATLAB was used to generate two
mathematical model for estimating both hemoglobin and glucose. To
develop the MGGP models, a single computer (Asus Intel® Core™ i7,
32GB RAM, NVIDIA GeForce GTX 980M GPU) with Windows — 10
operating system was used. These two models were trained with GPTIPS
separately with the selected feature set. Parallel computing paradigm is

As the goodness of fit increases, r becomes larger. The goal is to
maximize the value of r. Finally, we obtained 22 features for hemoglobin
and 31 features for glucose shown in Table 3, and their corresponding
fitness values are 0.66 and 0.74, respectively (Fig. 8).



Md.A.-u. Golap et al.

Biomedical Signal Processing and Control 67 (2021) 102478

Table 4
[ Extracted BeatureiSet ] Control parameter for MGGP.
+ Parameter Value
/” ™, Population size 2000
! [ GA Based Search } ': Maximum. 1000
! ! generation
i Feature A | Selection method Tournament
] Subset Fitness i Type of crossover 2-point
E velr= | Maximum tree 9
| | depth
i E Number of gene 8
:‘ [ Objective Function } 1 Probability of 0.85
N ; crossover
B REREEEEE bl -~ Probability of 0.10
} mutation
{ Selected Features Elite fraction 0.15
Function set +, —, X, /, sqrt, sin, cos, tan, tanh, exp, log, power, abs, ifthe,
negexp,gth,lth

Fig. 7. Block diagram of feature selection.

available in GPTIPS and we activated the feature with six workers that
reduced the training time significantly. Before the model construction,
setting control parameter is a very important issue as it is intrinsic to the
model design and effect the estimation capability of the model. Model
complexity directly depends on proper number of populations,
maximum tree depth and the number of generations. It can be concluded
that model speed is decreased with the increases in the complexity of the
derived equation. So, these facts need to be kept in mind when setting
control parameters. Control parameters that were applied for both the
model listed in Table 4. These parameters were set after several prepa-
ratory runs and on the basis of previous knowledge of predictive
modeling with other dataset. So they may not be optimal. Random
permutation was done before model construction to avoid overfitting. In

Fitness function GPTIPS [52] default (root mean square error)

this paper, 5-fold cross-validation was employed to validate models
[53]. Input dataset is randomly partitioned into five equal size subsets
and each round a single subset is used as validation data for validating
the model, and the remaining four subsets are used to train the model.
The cross-validation process is then repeated 5 times and each subset is
used exactly once as a validation set. For 5-cross fold validation, this
process ends with K = 5 iterations which was described algorithmically
in Algorithm 1. To investigate the competency of the new developed
model, the dataset is also trained with classical regression methods such
as linear regression (LR), support vector regression (SVR), and random
forest regression (RFR) using the same input condition as MGGP based
models. Best MGGP models are selected based on fitness value and
model complexity.

Table 3
Selected features.
Dataset Selected Features Count
Hemoglobin F F, Fa Fs Fe F, Fy Fio Fi6 Fi7 Fig Fio Fag F3 22
F3p F33 Fay F3g F3g Fyo Fa3 Fys
Glucose Fy F, Fs3 Fy Fs Fyp Fio Fi3 Fi4 Fig Fy Fp» Fp3 Faq 31
Fas Fae F3o F3q4 F3s F3e F3g F3g Fao Fy Fao Fa3 Faq Fus
Fae Fa7 Fag

Data: Hemoglobin

Data: Glucose

Best Fitness = 0.66

0.66 — Best Fitness EStiibes S0 — Best Fitness
07
0.64
06
0.62
ﬁ ﬁ 05
£ 060 £
[ 04
0.58
03
0.56
02
0.54
0 20 40 60 80 100 0 20 40 60 80 100
Generation Generation
(a) (b)

Fig. 8. Feature selection results: (a) hemoglobin, (b) glucose.
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Fig. 9. All models developed using MGGP (solid blue circles), Pareto front results obtained by non-dominated sorting algorithm (solid green circle), and the selected

MGGP model (solid green circle with red border).
(a)
OO |
6 = 1 + 2 + 3

Fig. 10. Complexity calculation of two 3-node simple model.

Algorithm 1. K-fold cross-validation for each model to estimate blood
hemoglobin level and glucose level

Input: input dataset D = {X;,y;};~, where,
(X €R™, y€Y), Pset is the set of
parameter for each model, M.

Output: Final performance evaluation indices.

for j < 1 to K do
Divide D into D" and Di* for j' split ;
Train the model M with D;T‘“'” using Pises ;
Evaluate the performance P; for M with
D§65t .

)

[ I

Calculate mean of the performance for each

%)}

regression model P = 1 S P
6 return 5/\4;

4.5. Experimentation

Two independent MGGP symbolic regression model with 1000
number of generations, 2000 size of the population, 48 input variables,
17 functions set for estimation hemoglobin and glucose have been
developed using the GPTIPS toolbox. Fig. 9 shows all models developed
using MGGP in terms of its predictive performance and model
complexity characteristics. Each model is presented as a solid circle
where the y axis represents the performance (1 — R?), and the x axis
represents the complexity of the model. The complexity of a model is the
sum of the expressional complexities of its constituent genes (trees). For
a single tree, complexity can be calculated by summing together all its
nodes and nodes of all possible full sub-trees (a leaf node is also
considered as a full sub-tree). Hence, two trees with equal number of
node, the balanced tree has lower expressional complexity than the
deeper tree. For example, two simple 3-nodes model is presented in
Fig. 10, total number of nodes of the model (a) (Fig. 10(a)) and its all

possible full sub-trees is 6. On the other hand, the total node counts for
the model (b) and its all possible full sub-trees are 5. Pareto front in the
population is obtained by a non-dominated sorting indicated by the
green dot. The red circled green dot represents the best model in the
whole population in terms of performance. One can easily trade-off
between the performance and the complexity of the model from the
Pareto front members and choose the best model. For each model, linear
weights (coefficients) are computed using the ordinary least squares
method from the training data. Thus, MGGP combines the power of
ordinary linear regression with the ability to capture non-linear
behavior without needing to pre-specify the structure of the non-linear
model.

5. Results and discussion

In this section experimental results and performance of MGGP model
will be described briefly.

GPTIPS toolbox automatically generated two individual compact
mathematical equation to estimate hemoglobin and glucose. A user can
easily grasp the terms of the predictive equation which help to trust the
model [32]. Human can easily insights into the MGGP model as it is
visible to everyone, unlike typical back box predictive models. It is
difficult to overdraw the importance of trust and understanding in
predictive models. Unlike most of the soft-computing techniques such as
artificial neural network (ANN), deep learning (DNN) or support vector
machine (SVM), no specialized software environment setting is needed
to deploy the trained MGGP model. The model equation can easily be
used in any environment outside MATLAB for structural transparency of
the model. A user can easily convert the model equation to any modern
computing language without prior knowledge of MGGP. Mathematical
formula for hemoglobin and glucose estimation are provided in
Appendices A and B respectively.

Performance of the models has been evaluated using sing five met-
rics: mean absolute error (MAE), mean square error (MSE), root mean
square error (RMSE), coefficient of determination (R2). Mathematical
equations for these metrics can be expressed as follows:
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Fig. 11. Relationship and convergence curve at training for MGGP based model: (a) convergence curve (hemoglobin), (b) relationship (hemoglobin), (c) convergence

curve (glucose), (d) relationship (glucose).
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Fig. 12. Relationship and agreement between predicted value and actual Value at testing for MGGP based model: (a) relationship (hemoglobin), (b) agreement
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where y1,¥2,Ys,...,yn are true values and y,,¥,,Ys,...,Y, are corre-
sponding estimated values.

Convergence shows, further refinement in the model will lead it to-
wards better results or not. Lack of convergence indicates that the data
do not fit the model sufficiently. Convergence characteristics of MGGP
models are shown in Fig. 11. It indicates that the fitness curve becomes
flat after 700 generations for hemoglobin and 500 generations for
glucose and changes in fitness function are not significant. It signifies
that increasing generation value not likely to get a better result. How-
ever, the best solution is obtained at 997, 999 generations for hemo-
globin and glucose respectively.

It is noteworthy that the proximity of R? to 1 indicates the strength of
the relationship between model output and actual results. The RMSE,
MSE show relative error, and MAE shows absolute error. R and RMSE
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Table 5
Performance comparison of different models.
Model Hemoglobin Glucose
R2 MAE MSE RMSE R? MAE MSE RMSE
LR 0.247 0.695 0.815 0.902 0.320 0.954 2.136 1.461
SVR 0.188 0.727 0.878 0.937 0.201 0.843 2.696 1.642
RFR 0.181 0.748 0.886 0.941 0.698 0.610 0.946 0.972
MGGP 0.807 0.304 0.214 0.462 0.881 0.324 0.270 0.520
Table 6
Comparison of our proposed MGGP based model with several exiting non-invasive methods.
Reference Purpose Device Participant ~ Data Signal Algorithm(s) Performance
HemaApp [3,21] [ ] Nexus-6p 31 Video PPG LR, SVR R =0.62-0.82
Kavsaoglu et al. [9] ® Hemocue Hb-201TM 33 - PPG CART, LSR, GLR, MVLR, PLSR, GRNN, MLP, R® —
SVR 0.757-0.974
SmartHeLP [22] [ ] Nexus-4p 75 Video  PPG ANN R2 =0.93
Ding et al. [24] . - 109 — Spectra ANN R =094
Yuan et al. [23] [ ] Spectrometer 91 - Spectra PLS R =0.60-0.81
Soni et al. [28] (5] Samsung Galaxy SIII 167 Image - DNS R =0.44-0.94
Malin et al. [30] (6] - 10 - Spectra PLS MSE =1.03
Glovanni et al. [27] & Iphone 4s, Huaweip7 113 Image - KNN R =0.52-0.65
Robert et al. [25] & - 337 — Spectra MLR, BWA R =0.82
Anggraeni et al. [20] & Asus ZenFone 2 Laser 20 Image - IR R? =0.81
Pai et al. [31] (6] - 24 - Photo KBR RMSEP = 9.64
acoustic
Ramasahayam et al. (6] - - - PPG ANN RMSE = 5.84
[29]
In our study Nexus- 111 Video PPG MGGP R? =0.81
@ 6p
In our study Nexus- 111 Video PPG MGGP R?> =0.88
(0] 6p

@ = hemoglobin, @ = glucose, LR = linear regression, SVR = support vector regression, CART = classification and regression trees, LSR = least square regression,

GLR = generalized linear regression, MVLR = multivariate linear regression, PLSR = partial least squares regression, GRNN = generalized regression neural network,
MLP = multilayer perceptron, ANN = artificial neural network, PLS = partial least squares, DNS = dinitrosalicylic acid spectroscopic, KNN = K-Nearest neighbor,
MLR = multi-linear regression, BWA = bisquare weighting algorithm, KBR = kernel-based regression, RMSEP = root mean squared error of prediction.

for both hemoglobin and glucose on training datasets are illustrated in
Fig. 11. From the illustrations, we can observe that higher R? values
exceeding 0.92 are obtained for both hemoglobin and glucose which
indicates that the models are fitted well with the input dataset.

In the next stage, MGGP models generalization is assessed on the test
datasets. Fig. 12(a) and (c) represent the measure of how well the feature
samples are likely to be predicted by the model. The coefficient of
determination is a measurement used to explain how much variability of
one factor can be caused by its relationship to another related factor. We
achieved RMSE, 0.462 and R?, 0.807 for hemoglobin and 0.520 and
0.881 for glucose estimation.

The Bland-Altman plot [54] is a graphical method to compare two
measurements techniques. In this graphical method the differences be-
tween the two techniques are plotted against the averages of the two
techniques. Horizontal lines are drawn at the mean difference, and at the
limits of agreement, which are defined as the mean difference plus and
minus +1.96 times the standard deviation of the differences. From
Fig. 12(b) and (d), we observed that only 6% value for hemoglobin and
4% value are out of the limit of agreement (+1.96 SD) for the testing
dataset which is an evidence of a good agreement between the actual
value and the estimated value.

The estimation accuracy for classical regression methods and MGGP
based symbolic regression method are illustrated in Table 5. As pre-
sented in the illustration, the R?, MAE, MSE and RMSE value for he-
moglobin model are 0.803, 0.304, 0.214 and 0.462 respectively whereas
other models have R2 < 0.247, MAE > 0.695, MSE > 0.815 and
RMSE > 0.902. Similar favorable result is also found for glucose with
R? =0.881, MAE = 0.324, MSE = 0.270 and RMSE = 0.520. Overall,
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it is clear that, in all the error measurement indexes MGGP models
achieved the best performance over classical regression models.

5.1. Comparison of results

A comparison study is drawn in Table 6 for estimating hemoglobin
and glucose levels to validate our contributions with respect to exiting
works.

In [3,21], authors predicted hemoglobin level non-invasive way;
they used a smartphone (Nexus-6p), captured video data, used the LR
and SVM models, and gained correlation coefficient R = 0.82 as per-
formance. In [9], they used a device (Hemocue Hb-201TM) to collect the
PPG signal for each subject, developed eight regression models and
gained coefficient of determination R?> = 0.757-0.974 as performance.
In [22], the authors developed a mobile application named SmartHeLP
to predict the blood hemoglobin level. Using a smartphone (Nexus-4p),
75 video data were collected and applied in an ANN model. The esti-
mated accuracy of their proposed system was R?> = 0.93. Similarly, in
[20,24,27,23,25], the authors have worked for the same purpose, but
the way of data collection and their proposed methodology varies from
each other.

On the other, Soni et al. [28], authors estimated glucose level
non-invasive way; they used the smartphone device (Samsung Galaxy
SIII), captured image data, used the DNS model, and obtained a corre-
lation coefficient (R) range 0.44 to 0.94 as performance. Similarly,
Ramasahayam et al. [29], developed an ANN model for the same pur-
pose, and RMSE was 5.84. Most of the existing methods used classical
regression methods to estimate the values and different authors used
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Table 7
Mathematical expression of MGGP model for hemoglobin.
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Table 8
Mathematical expression of MGGP model for Glucose

¥ = 0.5316 sin(pdiv(cos(x;), tanh(tanh(tanh(x;4))))) + 5.934 tanh(tanh(xz + exp
(x17)) + tanh(x;5 + gth(lth(tan(xz), exp(x10)), sin(tan(x21)?))) + 0.3441 exp(cos
(iflte(sin(pdiv(cos(x1), X14)), iflte(xs, tan(xz), sin(plog(tanh(x;3))), Xo), iflte(x;4, tan
(X21), X13, iflte(X21, X3, pdiv(cos(x1), X14), X4)), 2.547))) + 25588.0 tanh(x;5 —
4.892) + 0.8041 gth(-4.909 X10 X15 X21 abs(plog(xs)) iflte(gth(gth(-3.407, plog
(x13)), Xe), tanh(xs), Xa5%1 + 4.892, x2), plog(iflte(tanh(tanh(x; 4)), X10, X13, abs
(X3 + Xg + abs(x3 + Xg + X14)) + gth(xs, pdiv(x13, X17))))) — 0.5961 lth(sin(iflte(x3,
sin(pdiv(7.269, x17)) + lth(iflte(abs(plog(x4)), X2, — 4.892, X20), tan(xs)), iflte(x13,
gth(cos(x4), x4), — 4.892, X20)(x32 (9.143 x5 + 9.143 plog(x7))), iflte(x14, X13, iflte
(x14, abs(cos(x1)), iflte(x13, Xs, Xs, iflte(x10, gth(x16, Xe), X13, pdiv(x13, X17))), plog
(-1.0)), sin(x,)))), Ith(sin(5.498 x11), X17)) + 2.125 gth(x1o x3; — 2.082, plog(iflte
(X14, X105 X13, iflte(xy3, Xo1, -0.7615, x13)))) + 0.3441 x5 X2 (tan(gth(x14, exp(-tan
(x8))) (xg — 1.0 tanh(xys)) iflte(gth(tan(xz), pdiv(x13, X17)), X21, -4.898, pdiv(cos
(x1), X14))) + X2) — 0.01898 iflte(x16, X10, iflte(x3, gth(-0.7615, pdiv(x;s, X17))
(xg — lth(sin(5.743 x5), plog(x35%) + tan(x,;))) iflte(th(abs(xa + X14 + X21), exp(sin
(x1))), plog(xs), Xa2, pdiv(cos(x1), X14)), — 7.498, iflte(xX14, Xe, iflte(cos(plog(x13)),
abs(Xy + X14 + X21), iflte(x;3, tanh(xy), tan(x1) — x; + 1.498 x; X13, iflte(X14, X17,
X11 + X13 + 23.83, X1)), sin(x1 X21)), X1 + pdiv(cos(x1), X16) + iflte(abs
(X + X14 + X21), 1th(x10, tan(x21)), -4.892, pdiv(x;3, X17)))), X1 + iflte(iflte(xq, gth
(x16, X6), X13, tanh(tanh(x; 4))), gth(gth(-3.558, plog(x20)), X7), X5, gth(sin(gth(xs,
x15)?), sin(x3)))? + iflte(cos(x;), gth(gth(-3.558, plog(x;3)), tan(xg)?), x2, exp(sin
(x1)))?) + 0.3441 iflte(iflte(tanh(Ith(tan(exp(-tan(xg))), X10)), gth(tanh(sin(tan
(x21)%), tanh(x;0)), Xs, tan(x,)), tan(gth(lth(tan(x,), iflte(x,3, tanh(xie), Xs, X0)°),
sin(tan(xs + Xg + X10)%))), sin(plog(tanh(iflte(xo, abs(plog(x4)), X13, tanh(tanh
(x14)))))), tanh(iflte(plog(x4)x; + 4.892, x5 — X + exp(-tan(xg)) + tan(x;3)>, iflte
(X13, X21, X1, X13), X10)) tan(xs) tan(xao)) + 25588.0

Where y: estimated value and x;: denotes corresponding feature value F;.

their own device (sensor) to collect data from the subjects. To measure
the goodness of their developed models, they used different indexes.
However, used symbolic regression method to estimate hemoglobin and
glucose level. Our primary aim is to developed a model that can used in
any device without requiring any special hardware. Thus, we have used
MGGP based symbolic regression and developed a mathematical model
which can be easily implemented in real life applications without prior
knowledge of MGGP.

6. Conclusions

In this study, an attempt was drawn up to estimate hemoglobin and
glucose level based on multigene genetic programming (MGGP). MGGP
was used to formulate two different mathematical equations for calcu-
lating hemoglobin and glucose level from PPG features extracted from
fingertip video. We have also discussed the challenges and recommen-
dations for noise-free data collection. In this work, we wanted to
compare classical regression models with a symbolic regression model
for medical data. To evaluate the performance of the MGGP based
approach, results are compared with LR, SVR, and RFR model. From the
MSE, RMSE and MAE value, it has concluded that MGGP based symbolic
regression method had better estimation accuracy (+0.304 with R?,
0.807 for Hb and +0.324 with R2%, 0.881 for Gl) over conventional
regression methods.

Our study shows that the PPG signal has sufficient information
regarding blood hemoglobin and glucose level and any variations in
blood hemoglobin or glucose level affect the PPG signal.

In the future, we will upgrade estimation accuracy with the smallest
possible number of features. Firstly, the dataset will be extended from a
heterogeneous people (e.g. different geographical region, patient of
different disease and disorder, etc.) to make our model more universal
and robust against unseen data. Then, we will provide a smartphone
application to measure hemoglobin and glucose using the MGGP model.
The application will capture data from the user and send it to a cloud
server. Processing the data system will return the result to the user’s
display with some interpretation of the value with visualization. We also
try to reduce features using a more precise analysis of the feature
characteristics and reduce testing time.

In this work, we collected true value of hemoglobin and glucose for a
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Yy =0.02087 x; + 2.124 tanh(tan(tanh(plog(plog(x23) — X3 X23 — exp(-X4) exp(-Xa3)
sin(x4)))) tanh(tanh(tanh(xs x21) (4.0 X2 + X3 — 5.0 X35 + Xog + sin(x4) + 2.0 pdiv
(X23, X4))))) — 0.02087 tan(exp(-1.0 x4) exp(-1.0 x23) sin(x4)) + 0.02087 plog(pdiv
(x25 — X5 + pdiv(Xs, X4), tan(xs) tan(xag) (X7 — Xa5))) +0.02087 plog(xas (X4 —

X25)) — 0.2112 (abs(xo + abs(xo) + iflte(Xo, X23, Ith(Xa3, X3), X15)%) + tanh(xp; (x —
1.0 X6 + tanh(pdiv(xys, x3)) — 1.0 abs(xs) + pdiv(x;3, x3))) + x3)* 4+ 0.0002381
(X3 + x4 — 1.0 x5+ tan(exp(x2s)) + exp(x2s) — 1.0 exp(Xss) tan(xzs) — 1.0 pdiv
(%13, X20) + pdiv(Xs, Xg — X23) + pdiv(xy, tanh(x2)) + pdiv(x§’% xg - x5))? + 0.02087
pdiv(xzs, Xg — Xs) +0.9536 (exp(-1.0 exp(-1.0 pdiv(2 x26 — 2 Xz5, abs(plog(x23))))
abs(sin(0.3211plog(x22)))) + X22 plog(xs — X25 — tan(xzs) + pdiv(xs,
)(4)))2 + 0.1531 abs(plog(plog(pdiv(xs + pdiv(x21, X20), X14 X24 Pdiv(X14,
X9)))) + exp(5.954 Xg X14 X29)) abs(sin(tan(x2)(plog(x23) — 1.0 x25 exp(-1.0 X14) sin
(x4)))) + 0.02087 pdiv(tan(xs) + ((xs - X14)2)sin(xs), plog(xz3) — Xas sin(sin(x4))
exp(-Xgg)) + 0.3072 iflte((-4.627)x12, gth(tanh(xy Xg sin(x4) (X22 — X4 + €Xp

(%25) + tan(xis))), gth(xs, tanh(plog(x23) — Xa5 — X2 Xa1 €xp(-X23))?)), abs(gth(exp
(x25), abs(xa9)) pdiv(exp(-exp(-xo)), iflte(abs(gth(xz4, tanh(x23))), X25, (X21 + €xp
(-x4))%, X23)) pdiv(xs, plog(xzs) — pdiv(X14, X0))), iflte(xz3, X14, X20 tanh(tanh(x;g
X27)) exp(-X3 (Xa1 + sin(xs))?) sin(x4), X3 + X12)) — 0.02087 x4 tan(tan(xs)) tan(exp
(-1.0 x4)) tan(xas) — 0.0005346 x5 exp(xa5 — 1.0 Xp6) (tan(xs) + pdiv(xs, Xg -
X23) + pdiv(xy, tanh(x3)) — 1.0 x5 exp(-1.0 x4) exp(-1.0 x24))? iflte(x4 + Xg + X15, tan
(pdiv(x21, X4)) (3 X2 + X3 — Xg — Xo+ tanh(xg — X21) + exp(Xys) + sin(x4)), pdiv
(Xs, X1 X30), X23 sin(tan(tan(xe))plog(x22))) + 3.79

Where y: estimated value and x;: denotes corresponding feature value F;.

wide range of value but unfortunately, we did not consider arrhythmia,
hypoglycemia, hypertension when collecting data. In future, we hope to
extend our work considering these issues.
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