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Abstract. In this work, investigations were made for exploring the potential of
machine learning in predicting Type 2 Diabetes Mellitus patients. In overall, 20
patients were assessed. The Raman spectrum was observed in four anatomical
locations of the body: ear lobe, inner arm, thumb nail and cubital vein. The mea-
surements were taken to examine the difference between Control and DM2 (9 well-
controlled patients and 11 diabetic patients). To create effective diagnostic algo-
rithms for categorization among these categories, multivariate approaches such as
principal component analysis (PCA) paired with support vector machine (SVM)
were applied. Based on the implemented classification systems, diabetic patients
are classified using PCA-SVM shows the best potential of 80% in accuracy. There-
fore, the taken approach successfully creates a classification and evaluation sys-
tem. Overall, our findings show that the combination of Raman spectroscopy,
PCA-SVM has several advantages in terms of preciseness and is suggested as a
viable non-invasive diagnostic technique for diabetes.
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1 Introduction

Diabetes is a dangerous, chronic disease that arises when the pancreas fails to generate
enough insulin (a hormone that regulates blood sugar, or glucose) or when the body fails
to utilise the insulin that is produced adequately. Diabetes is a major public health issue,
and it is one of four priority noncommunicable diseases (NCDs) that world leaders have
identified for action. Diabetes has been progressively increasing in both the number of
cases and the prevalence during the last few decades [1].

In Vietnam, diabetes cases have more than doubled in the previous ten years, with
nearly twice as many patients diagnosed. According to the International Diabetes Fed-
eration, diabetes-related treatment expenditures in Vietnam averaged US$ 162.7 per
patient per year [2], while average income was averaged at US$ 182.7 per month in
2020 [3]. Furthermore, the number of individuals with pre-diabetes is three times that
of those with diabetes [4].
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Early detection for diabetes can be achieved with relatively inexpensive blood sugar
monitoring. Nowadays, invasive blood glucose detection technology is now common-
place, convenient, and practical in both hospitals and home by glucometers that employ
the procedure of blood sample first and then analyzing it in vitro for blood glucose mea-
surement. Traditional glucose monitoring devices employ the electrochemical approach
[5], which needs a certain amount of blood to be extracted out of the body through finger
pricking or a thin lancelet placed subcutaneously. Unfortunately, most diabetics find it
unpleasant to check their blood glucose levels on a regular basis since blood extraction
is required many times each day for monitoring purposes.

2 Related Work

Recent studies show that blood glucose monitoring can be accomplished using non-
invasive methods [6]. With the rise of worldwide diabetes in recent years, an increasing
number of people have experienced discomfort and infections as a result of the intrusive
nature of popular commercial glucose meters. Non-invasive blood glucose monitoring
technology has become a global research focus as well as a novel way that might help
a large number of patients. Based on the detection principle, researchers have been
working on major problems of non-invasive blood glucose detection technology. Medi-
cal, materials, optics, electromagnetic waves, chemistry, biology, computational science,
and other sectors are covered by this new method. The advantages and limitations of
non-invasive and invasive technologies, as well as electrochemistry and optics in non-
invasives were discussed in [7]. Therefore, non-invasive blood glucose monitoring will
become more efficient, inexpensive, robust, and competitive on the market as wearable
technology and transdermal biosensors advance.

In the last 20 years, a lot of researches has been conducted in non-invasive blood
glucose testing. For non-invasive measurements, the researchers discovered a vari-
ety of optical techniques such as near-infrared (NIR) [8], photoacoustic spectroscopy,
Raman spectroscopy [9], polarization techniques, and light scattering techniques [10].
A transilluminated laser beam is used to monitor glucose levels.

Non-invasive glucose monitoring is obviously the most attractive approach for dia-
betic patients, allowing for more frequent, if not continuous, assessments without dis-
comfort or sensation. Until now, various approaches for non-invasive blood glucose
testing have been proposed. However, the key challenge with non-invasive procedures
is ensuring high accuracy of test result.

3 Machine Learning

There is no use in offering a definition for Machine Learning (ML) without first
addressing the larger context in which it exists: the domain of Artificial Intelligence.

Artificial Intelligence (Al is a notion that refers to any approach that allows comput-
ers to mimic human behavior in order to address and solve problems. Machine Learning,
which uses statistical approaches to enable machines to recognize certain patterns by
learning and improving through experience on a set of provided data, became more
widespread in the 1980s.
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In the decades afterwards, Al has been praised as the key to our civilization’s brightest
future, and derided as a harebrained idea of over-reaching propellerheads. Until 2012,
there was a little bit of both. Al has surged in the last several years, particularly after 2015
[11]. Much of this is due to the widespread availability of GPUs, which makes parallel
computing quicker, cheaper, and more powerful. It also has to do with the simultaneous
one-two punch of almost endless storage and a deluge of data of all kinds (the whole Big
Data movement)—photos, text, digital signal, transactions, mapping data, etc. (Fig. 1).
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Fig. 1. Relationship between Artificial Intelligence, Machine Learning and Deep Learning

Machine Learning is a subset of Al. As defined by Wikipedia, Machine learning is
the subfield of computer science that “gives computers the ability to learn without being
explicitly programmed” [12]. Simply put, Machine Learning is a subfield of Computer
Science that has the ability to learn on its own based on input without having to be
specifically programmed.

Machine Learning has gone a long way and is a new subject in recent years, as
computing power has been boosted to a new level and massive amounts of data have
been collected by large technological businesses, Deep Learning (DL) was born. Deep
Learning has enabled computers to perform tasks that were previously impossible: clas-
sifying hundreds of distinct objects in photographs, creating captions for images, imitat-
ing human voices and handwriting, communicating with humans, and even composing
literature or music [13, 14].

4 Support Vector Machine

Support Vector Machine (SVM) is a linear model for classification and regression issues.
It can handle linear and non-linear problems and is useful for a wide range of practical
applications. The SVM concept is straightforward: The method draws a line or a hyper-
plane that divides the data into classes. The fundamental method to data classification
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begins with attempting to develop a function that divides the data points into the relevant
labels with (a) the fewest possible mistakes or (b) the greatest feasible margin. This is
because larger vacant spaces around the splitting function result in less error since the
labels are easier to differentiate from one another.
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Fig. 2. Support Vector Machine separating a data set into two classes using two different linear
separations, resulting in differing sized margins around the splitting functions.

Figure 2 shows that a data set may be separated by numerous functions with no
errors. As a result, the margin surrounding a separating function is utilized as an extra
parameter to assess separation quality. In this situation, separation A is preferable since
it differentiates the two classes more precisely.

The objective of this algorithm is to achieve a hyperplane in an n-dimensional space
that connects the data points to their possible classes. The hyperplane should be posi-
tioned as close to the data points as possible. The data points having the shortest distance
to the hyperplane are referred to as Support Vectors [15]. Because of their near proxim-
ity, their effect on the exact position of the hyperplane is greater than that of other data
points. The Support Vectors are the three points (2 blue, 1 green) laying on the lines in
Fig. 3.

Any hyperplane can be written as the set of points X satisfying

WIX—b=0

where w is the (not necessarily normalized) normal vector to the hyperplane. The input
space consists of x and x . Therefore, ®(x;) represents the kernel function that turns the
input space into a higher-dimensional space, so that not every data point is explicitly
mapped. The kernel function can also be written as: k(x, X).

5 Experimental Setup and Design

At the University of Guanajuato in Mexico, 11 patients with type 2 diabetes (DM2, 7
females, Age: 49.5 & 6.7 years) and 9 healthy volunteers (Ctrl, 7 females, Age: 33.2
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Fig. 3. Maximum-margin hyperplane and margins for an SVM trained on two classes of data.
The support vectors are samples on the margin [15].

=+ 4.9 years) were investigated [16]. Before individuals were enrolled, the Institutional
Review Board authorized the study and all subjects supplied informed consent. All DM2
patients in this research were previously diagnosed by their doctors using normal proce-
dures such as a fasting plasma glucose test. Since the traditional method of monitoring
HbA1C in human blood sample is regarded as the gold standard for long-term glycemic
management in diabetic patients [17]. To evaluate HbA1C levels, a sample volume of
5 pl of blood was taken from each patient and analyzed using boronic acid affinity
chromatography (LabonaCheck MH-200, Ceragem Medisys Inc.) (Fig. 4).

6 Implementation for PCA-SVM

Given 1000 dimension for each observation, it is hard to fit into an estimator with large
number of features. The main idea of principal component analysis (PCA) is to reduce
the dimensionality of a data set consisting of many variables correlated with each other,
either heavily or lightly, while retaining the variation present in the dataset, up to the
maximum extent. The same is done by transforming the variables to a new set of variables,
which are known as the principal components (PCs) and are orthogonal, ordered such
that the retention of variation present in the original variables decreases as we move down
in the order. So, in this way, the 1st principal component retains maximum variation that
was present in the original components. The principal components are the eigenvectors
of a covariance matrix, and hence they are orthogonal.
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Fig. 4. Skin site images for in vivo Acquisition of Raman spectra: (A) ear lobe, (B) inner arm,
(C) thumb nail, and (D) median cubital vein. The equivalent Raman observations (mean standard
deviation) collected at an excitation wavelength of 785 nm (E-H) are also presented on the right
side, with control spectra displayed in blue and DM2 spectra displayed in red [16].

As described previously, a PCA step is necessary to solve problems with high dimen-
sion data. Figure 5 shows an example of data acquired after being processed with Sci-kit
Learn library in Python:

As can be seen in Fig. 6, particularly in ear lobe dataset, the initial number of
components is chosen to match 99% explained variance ratio so that PCA compresses
the main information in original dataset to produce new data that has 17 dimension. The
explained variance ratio is the percentage of variation assigned to each of the chosen
components. To minimize overfitting, the number of components should be selected to
include in the ML model by adding the explained variance ratio of each component until
it reaches a total of roughly 99%. After this processing step, the data is ready to be fed
into a SVM model (Table 1).
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Fig. 5. Visualization of 2 first PCs obtained with total of 17 components in ear lobe dataset.
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Fig. 6. Explained variance ratio for each PC.
Table 1. Experimental result of PCA-SVM.
Mean accuracy (%)
5-fold mean accuracy 10-fold mean accuracy

Ear lobe 65 60
Inner arm 65 65
Thumb nail 70 70
Cubital vein 80 75
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7 Conclusion

In this dissertation, I have several techniques for processing Raman spectroscopy, mainly
2 approaches for Diabetes Mellitus type 2 classification task, one is by using tradi-
tional Machine Learning method (combination of PCA and SVM). The investigation is
extended from the dataset provided by [16]. Proposed accuracy for the finest classifica-
tion model is 80%. Cubital vein is also suggested to be the most precise point of in vivo
measurement.

This is a novel technique for fast non-invasive diabetes mellitus screening and can be
practically utilized in clinical centers to assist traditional invasive testing procedure due to
its considerable advantages in terms of handiness and preciseness. Raman spectroscopy
and Machine Learning techniques, in general can be combined for detecting diabetic
patients.
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