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ABSTRACT 
 
Diabetes is one of the chronic diseases in which the number of 
patients increases every year. Moreover, diabetes mellitus is a 
risk factor for the risk for the development of other diseases. 
Therefore, the number of studies that address various aspects 
of the diagnosis and control of the processes of diabetes is 
increasing. Among such studies, an important place is taken 
by the analysis of the relationship between low and high 
density lipoprotein and antioxidant vitamins A, E, C. Such an 
analysis can be done using various analytical methods. This 
expands medical diagnostics and treatment options for 
diseases. The study was based on a sample of 300 patients 
with type 2 diabetes. For analysis, we used: correlation 
analysis and the wavelet coherence method. The values of 
wavelet coherence between low and high density lipoprotein 
and antioxidant vitamins A, E, C for different levels of 
glycosylated hemoglobin were obtained. This provides an 
explanation of the differences in the relationship between low 
and high density lipoprotein and antioxidant vitamins. Also a 
more consistent dynamics is observed between antioxidant 
vitamins A, E, C and HDL, taking into account changes in 
glycosylated hemoglobin levels. This is a key factor in 
understanding the greater correlations between antioxidant 
vitamins A, E, C, and HDL. 
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Coherence, Low Density Lipoprotein, High Density 
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1. INTRODUCTION 
 
Disruption of the immune system, when, in particular, the 
interaction of insulin with tissue cells ceases, leads to the 
 

 

development of a disease such as diabetes. Uncontrolled 
development of such a disease leads to various complications 
and poor human health. As a result, this is a risk factor for the 
emergence of new diseases, among which a characteristic 
violation of vascular permeability [1], [2] [3]. 
 
Thus, diabetes is a complex disease of an endocrine nature, in 
which insulin secretion is impaired in the human body. One 
type of diabetes is type 2 diabetes. This type of diabetes is the 
prevailing disease in its group. At the same time, patients 
with diabetes are at risk of disease, a characteristic feature of 
which is death. 
 
One of the elements of the treatment of this disease is constant 
monitoring. Moreover, such control applies to lifestyle, diet, 
and medication. The basis of this control is the analysis of 
various markers that identify and show the development of 
diabetes. Therefore, the control of various markers is the basis 
for the successful treatment of this disease. However, it is 
important not only to control the various markers, but also to 
analyze them correctly. For this, it is necessary to apply 
various analysis methods that help to present and describe the 
clinical picture that develops as a result of a particular 
disease. 
 
As the main objective of this work is to consider individual 
methods of analysis for the study of various markers that 
characterize the development of diabetes. Moreover, such 
methods should expand the capabilities of the analysis 
necessary to understand the development of diabetes. 
 
2. BRIEF REVIEW OF RECENT RESEARCH 
 
Diabetes mellitus is a key subject that has been examined by 
many researchers. These are works where the general 
problems of diabetes mellitus are studied, various markers, as 
well as research methods for such markers. 
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The work [4] addresses a wide range of issues related to the 
diagnosis, prevention and treatment of diabetes. Particular 
attention is paid to primary care, the dissemination of 
information on the care of patients with diabetes. The issues 
of improving the quality of control over the course of diseases 
associated with diabetes mellitus were also considered. 
 
A study by I. Romera, A. Cebrián-Cuenca, F. 
Álvarez-Guisasola, F. Gomez-Peralta and J. Reviriego 
focuses on practical issues related to the treatment of type 2 
diabetes [5]. Safety issues and precautions for the use of 
medicines were also considered. 
 
M. S. Aravind, T. M. Joy and P. S. Rakesh analyze the 
prevalence of diabetes mellitus by the level of income of the 
population [6]. It also provides an analysis of the behavior of 
people with diabetes mellitus, and examines the practice of 
caring for patients. 
 
The study [7] addresses the symptoms of diabetes. It also 
analyzes the use of antidepressants in the prevention of 
diabetes. Particular attention is paid to markers that allow you 
to control the development of diabetes. 
 
S. Sangeeta, J. Ambekar, T. Sudhakar and N. Dongre study 
markers of diabetes that are associated with kidney disease 
[8]. The basis of such a study is the methods of statistical 
analysis. The authors conclude that it is necessary to consider 
individual markers of diabetes in the diagnosis of kidney 
disease. 
 
For the analysis of markers that characterize the development 
of diabetes, as a rule, use the classical methods of statistical 
analysis [9], [10]. At the same time, neural networks and 
methods of the theory of fuzzy sets are also used to derive 
certain relations between different markers [11]. 
 
Also, special attention is paid to the influence of various 
vitamins on the development of diabetes mellitus and their 
ratio with corresponding markers. An example of such a study 
is [12]–[14]. However, such an analysis is insufficient. This 
applies to cases where the correlation between vitamins and 
other markers in diabetes is not sufficiently pronounced. This 
served as the basis for this study with the aim of possible 
concretization of the relevant relationships or their 
refinement. 
 
3. WAVELET IDEOLOGY AS A TOOL FOR 
ANALYZING MEDICAL DATA 
 
To solve this problem, we will use the ideology of wavelets. 
This ideology showed itself well in the analysis of various 
medical data [15]– [17]. 
 

The ideology of wavelets is based on the analysis of various 
groups of data that can be interpreted as a time series. For this 
analysis, special functions are used – the mother wavelet [18], 
[19]. This makes it possible to reveal hidden features in the 
data set that is being investigated. Then we can draw extended 
conclusions about the phenomena under study. 
 
Using wavelets, we can also compare different groups of data. 
This comparison is based on the analysis of cross-references 
between data groups. This allows an analysis of the mutual 
influence of various data groups. As a result, we can identify 
periods of data consistency (there is a strong mutual influence 
between data groups) and data inconsistency (there is no 
mutual influence). For such an analysis, the wavelet 
coherence method should be used, which allows one to 
determine the values of wavelet coherence [19, 20]. In doing 
so, we can rank data groups by a specific group. This allows 
the data to be presented in the form of a series that has a 
structure similar to a time series. For analysis, we use the 
formula [20], [21]: 
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where   – is a smoothing operator, 
z  and 1z  – data groups, which are investigated; 
g  – data group for ranking; 

)z,z( 1  – cross wavelet spectra for different time series z  
and  1z , 
x  – data number in the test series, 
y  – characterizes the depth of cross-references, 

1)z,z(R0 1
2  . 

 
This allows you to evaluate the reciprocity of some data series 
relative to another parameter. Therefore, we are expanding 
the possibilities of analysis. 
 
4. DATA 
 
For analysis, we consider a group of data for 300 patients with 
type 2 diabetes mellitus. These data were obtained by the 
Jabber Abu Ezz Center for treatment and care of diabetics in 
Khartoum - Sudan [22], [23]. 
 
As individual data we consider: glycosylated hemoglobin 
(HbA1c)% in human whole blood; serum vitamin A, µg/dl; 
serum vitamin E, µg/ml; serum vitamin C, µg/ml; low density 
lipoprotein (LDL), mg/dl; high density lipoprotein  (HDL), 
µg/dl . 
 
Some statistical parameters of data are presented in Table 1. 
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Table 1: Some statistical parameters of data 

Data Diabetics 
(n=300) P value 

Vitamin A: means 
(Max-Min) 

50.3±20.0 
(14.0-95.0) 0.001* 

Vitamin Е: means 
(Max-Min) 

5.2±1.8 
(1.0-9.0) 0.001* 

Vitamin C: means 
(Max-Min) 

3.9±1.3 
(1.2-6.9) 0.0003* 

HbA1c%: means 
(Max-Min) 

7.5±1.4 
(6.0-13.3) 0.001* 

LDL: means 
(Max-Min) 

41.8±11.9 
(20.0-88.0) 0.0008* 

HDL: means 
(Max-Min) 

160.4±65.5 
(75.0-480.0) 0.0002* 

*Significant differences in all blood parameters between control and test group 
(P value < 0.05). 
 
The choice of HbA1c is based on the fact that it is one of the 
key markers of the process of diabetes mellitus. The choice of 
LDL, HDL and antioxidant vitamins A, E, C is due to the fact 
that these parameters have insignificant correlation 
relationships. At the same time, it is also important data for 
the analysis of diabetes mellitus. 
 
5. RESULTS AND DISCUSSION 
 
First of all, consider correlation ratios for low and high 
density lipoprotein (LDL and HDL) in comparison with 
antioxidant vitamins A, E, C. In Fig. 1 – Fig. 3 shows the 
correlation between antioxidant vitamins A, E, C, and LDL or 
HDL, respectively. 
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Figure 1: Scatter plot shows the relationship between serum 
vitamin A and LDL (r=0.04, P value = 0.548; Fig. 1a); serum vitamin 

A and HDL (r=0.18, P value = 0.02; Fig. 1b) 
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Figure 2: Scatter plot shows the relationship between serum 
vitamin E and LDL (r=0.03, P value = 0.663; Fig. 2a); serum vitamin 

E and HDL (r=0.23, P value = 0.04; Fig. 2b) 
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Figure 3: Scatter plot shows the relationship between serum 
vitamin C and LDL (r=0.09, P value = 0.134; Fig. 3a); serum vitamin 

C and HDL (r=0.19, P value = 0.04; Fig. 3b) 
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We can see that these correlations are not significant enough. 
Moreover, the correlation between the level of LDL and 
vitamins A, E, C are insignificant, and the correlation 
between the level of HDL and vitamins A, E, C are moderate, 
but quite significant. Therefore, we will consider the values of 
wavelet coherence for a possible understanding of such 
processes. We will consider such relationships with respect to 
HbA1c, where HbA1c is considered as a ranking element for 
other data groups (LDL, HDL, antioxidant vitamins A, E, C). 
Then we obtain the wavelet coherence values for the groups 
under consideration, taking into account the different values 
of HbA1c. This will allow us to draw conclusions about 
reciprocal links. Moreover, such an analysis will take into 
account different levels of HbA1c. 
 
It should also be noted that the figures below show: 
 
along the axis   are the ranked values of HbA1c. These values 
are in the range: 6.0-13.3%. In the figures, these values are 
represented by serial numbers in accordance with the number 
of patients in the sample (300 patients); 
 
along the axis   is the depth of the relationship between the 
data values that are being investigated. This depth correlates 
with values for HbA1c and displays different analysis 
intervals for HbA1c values; 
 
the dashed white line limits the region of reliable values of 
wavelet coherence (with a confidence level of at least 0.95). 
These values are inside the dashed line; 
 
the figure also shows a scale for analyzing the significance of 
wavelet coherence data. The value of wavelet coherence is in 
the range from 0 to 1. Such data for clarity also have color 
values. Separate areas are the localization of the consistency 
(the significance of wavelet coherence tends to 1) or the 
inconsistency of the data (the significance of wavelet 
coherence, as a rule, 0), which are studied. 
 
In Fig. 4 – Fig. 6 shows the wavelet coherence between 
antioxidant vitamins A, E, C, and LDL or HDL, respectively. 
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b) 

Figure 4: Wavelet coherence between serum vitamin A and LDL 
(Fig. 4a); serum vitamin A and HDL (Fig. 4b) 
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Figure 5: Wavelet coherence between serum vitamin Е and LDL (Fig. 5a); 
serum vitamin Е and HDL (Fig. 5b) 
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b) 

 
Figure 6: Wavelet coherence between serum vitamin С and LDL 

(Fig. 6a); serum vitamin С and HDL (Fig. 6b) 
 
Analyzing the data of Fig. 4 – Fig. 6 should be noted: 
 
wavelet coherence between antioxidant vitamins A, E, C and 
LDL, as well as between antioxidant vitamins A, E, C and 
HDL, respectively, is similar. This allows us to talk about the 
same processes affecting the dynamics of the corresponding 
correlation relationships (see Fig. 1 – Fig. 3); 
 
wavelet coherence is generally fragmented. This means that 
we can observe a correspondence between the data being 
analyzed for the same levels of HbA1c. This could be a factor 
that affects the corresponding values of correlation estimates; 
 
wavelet coherence between antioxidant vitamins A, E, C and 
LDL is more regular than between antioxidant vitamins A, E, 
C and HDL; 
 
wavelet coherence between the antioxidant vitamins A, E, C 
and HDL has a greater depth of consistency than that between 
the antioxidant vitamins A, E, C and LDL. This means that 
we can observe more consistent dynamics between 
antioxidant vitamins A, E, C, and HDL, taking into account 
changes in HbA1c levels. This is a key factor in understanding 
the greater correlations between antioxidant vitamins A, E, C, 
and HDL. Then the relationship between antioxidant 
vitamins A, E, C and HDL is more significant for 
understanding the development of diabetes. 
 
LDL, HDL and antioxidant vitamins A, E, C play an 
important role in the study and understanding of the processes 
that occur in diabetes mellitus. 
 
S. Singha, R. Gupta, and A Goyle conducted a detailed 
analysis to study the effects of antioxidant vitamins A, E, C in 
coronary heart disease [24]. It is emphasized that diabetes is 
one of the factors in the development of coronary heart 
disease. This study also noted a weak relationship between 
LDL, HDL and antioxidant vitamins A, E, C. However, a 
more detailed analysis between LDL, HDL and antioxidant 
vitamins A, E, C was not performed. 
 

A. W. Ashor, M. Siervo, and J. C. Mathers examine the 
interaction of vitamin C with LDL and HDL when 
considering conditions for changing levels of cholesterol in 
the blood [25]. This is an important element in the study of 
diabetes. Such an analysis was carried out on the basis of 
clustering and linear regression methods. However, the 
relationship between the interaction of vitamin C with LDL 
and HDL at different levels of glycosylated hemoglobin has 
not been disclosed. 
 
In [26], it was noted that it was not possible to establish a 
significant relationship between LDL, HDL and antioxidant 
vitamins E, C. Such a study was conducted on the basis of 
classical statistical methods. However, in this work, the 
relationship of the studied markers with the level of 
glycosylated hemoglobin in the blood was not evaluated. 
 
J. Zalaket, L. H. Wakim, and J. Matta note the different 
effects of antioxidant vitamins on LDL and HDL [27]. 
 
Thus, it should be noted that almost all researchers pay 
attention to the relationship between LDL, HDL and 
antioxidant vitamins A, E, C. However, the mutual influence 
of this relationship at different levels of glycosylated 
hemoglobin is not considered. This is due to the fact that only 
pairwise comparison of markers is taken into account. We 
consider a group of three markers to analyze the relationship 
between LDL, HDL, and antioxidant vitamins. This allows 
you to expand the capabilities of the correlation analysis, to 
draw new conclusions. 
 
6. CONCLUSION 
 
We examined the relationship between LDL, HDL and 
antioxidant vitamins A, E, C for a group of patients with type 
2 diabetes mellitus (300 patients). For research, we used the 
method of correlation analysis and the wavelet coherence 
method. This allowed us to consider the changes in the 
correlation between LDL, HDL and antioxidant vitamins A, 
E, C at different levels of glycosylated hemoglobin. The 
differences in wavelet coherence between LDL and 
antioxidant vitamins A, E, C, and between HDL and 
antioxidant vitamins A, E, C are shown. It is noted that the 
relationship between antioxidant vitamins A, E, C and HDL 
is more significant for understanding the development of 
sugar diabetes. 
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