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Abstract

The author read an article recently,
“Glucodensities: a new representation of glucose
profiles using distributional data analysis”, dated
August 19, 2020. Incidentally, he has also made
two further improvements on his glucose data
analysis with his collected big data of sensor
glucose via a continuous glucose monitoring
(CGM) sensor device. First, in addition to using
the HbA1C, which is the mean value of the past
115 days of red blood cells carried glucose, of a
patient is the golden standard in evaluating
diabetes condition. He investigates the glucose
fluctuation (GF) (glucose excursion or glycemic
variability) and then transforms the GF values
from a wave’s time-space into energy’s frequency-
space via the Fourier Transform operations. Using
this approach, he can then guesstimate the degree
of damage on internal organs caused by the
energies associated with GF. Although the GF
research is one step deeper compared to the study
of mean value of glucose, such as HbA1C, it is still
not deep enough to provide additional details and
useful information hidden within the glucose
waves. Second, he realized that the average values
or mean values of glucose defined by the American
Diabetes Association (ADA) such as the HbA1C or
time in range (average glucose within a range) can
only provide partial overviews of diabetes
condition. However, these basic biomarkers are
still missing some hidden internal turmoil, i.e.,
glucose vibrations or severe stimulations,
throughout certain selected timeframes due to all
types of external and/or internal stimulators.
Therefore, he has defined another term known as
the glucose density (GD) in order to explore more
and different information hidden within the
glucose data and their waveforms. GD is defined
as the occurrence frequency at a specific glucose
value, for example 2.1% occurrence rate at 110
mg/dL glucose value over a selected time period of
collected sensor glucose. In this way, he can then

calculate and examine each glucose value’s
occurrence rate within a glucose range that is
suitable to a specific patient. If this glucose
examination method is accepted by the medical
community, it would be an extremely beneficial
tool for doctors to be able to quickly study the
conditions of their diabetes patients. Furthermore,
the author has also programmed his algorithm
into an iPhone app software. Through the
combination of his published papers and medical
books along with a widely distributed app for
patient’s use in the future, he believes that
worldwide type 2 diabetes (T2D) patients can
benefit from his research work. As a part of his
follow-on research tasks, he plans to further
examine his GD% resulted from certain food/diet
nutritional types and exercise intensity levels.
Hopefully, his research papers would not be
limited within the scope of a “descriptive style
using 26 alphabets” but instead as a “quantitative
style using 10 digits”. Numbers do not lie as long
as we don’t use fake, unorganized, and/or
uncleaned data. Statistics is a tricky tool to use
because it has the obvious characteristics of
garbage in and garbage out (GIGO). It is also
important to know that by using statistics with
different selected time-windows for certain
studies, the results would provide varying
conclusions. This part of the introduction assists
the author to organize and summarize his
thoughts and forces him to express the abstract
ideas and theoretical concepts by writing them on
paper, which has helped him before. Actually,
there is nothing fancy about the above-mentioned
analysis approaches; however, he would like to re-
iterate what he has learned in the past and apply
the mathematical tools to interpret -certain
interesting biophysical phenomena or solving
some biomedical challenges. In summary, the
author has chosen to perform research work using
the GD concept but with his own developed
proprietary research software algorithm and app
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software along with the collected CGM sensor
glucose data of 3 T2D patients over the same
period of 1.5 years from 3/8/2020 through 9/8/2021.
Furthermore, he has also selected a consistent
glucose range covering 39 mg/dL to 249 mg/dL
with a total of 211 glucose points on the x-axis of
GD diagram and the GD% amplitude on the y-axis.
For most clinical practices, medical doctors use
HbA1C as the golden standard to evaluate the
conditions of their T2D patients. The HbA1C value
represents the average glucose value of all glucose
over the past 90 to 120 days or perhaps 115 days
based on the red blood cell’s lifespan; however, the
HbA1C alone cannot tell doctors additional
information other than the mean value. In fact,
many other useful glucose information is still
hidden within. Biomarkers such as glucose
variability (GV) or GF can provide more
information regarding the damage to a patient’s
internal organ via glucose excursion which causes
many diabetic complications, including both
micro-vascular and macro-vascular diseases.
Furthermore, the ADA has issued -certain
guidelines on time in range (TIR), time above
range (TAR), and time below range (TBR) that can
offer a general idea of how glucose is distributed in
three different ranges: TIR for normal conditions,
TAR for hyperglycemic conditions, and TBR for
hypoglycemic conditions. However, they are still
the mean values within each range, e.g., <70, 70-
180, >180. Therefore, these three biomarkers,
HbA1C, GF, and time in/above/below range (TxR)
are still missing the needed ability to provide more
detailed glucose variations. Even the GV or GF are
still dealing with another kind of mean values.
Based on these observed shortcomings, GD can fill
in certain gaps of “missing information” from these
three biomarkers, HbA1C, GF, and TxR. By using
the CGM sensor glucose and the author developed
app software program on the iPhone, he can
generate three sets of GD data and GD curves for
3 different T2D patients individually and then
combine them into one diagram with the same
scales of both x-axis and y-axis. Through a closer
examination of the combined diagrams of GD% for

the 3 T2D patients, the author can describe his 4
key observations: (1) The waveforms of the 3 T2D
patients are extremely similar to each other with
their GD% peak levels and associated glucose
ranges within the same proximity to each other.
This observation means that all 3 patients have
similar diabetes condition over the past 18
months. Actually, both the male and female
patients, who are 70+ years old, have long-term
and severe T2D history for over 20 years.
However, through a  stringent lifestyle
management program, they have been able to put
their diabetic conditions under control. According
to the ADA 2021 consensus report, both male and
female patients belong to a “remission stage” at
present time (see paper No. 505 and No. 506). The
young patient is a 48-year-old male with a 6-year
history of T2D whose glucose conditions are not as
severe as the 70+ year old diabetes patients. (2)
The author has selected a rather strict definition
of “normal glucose range” within 70-120 mg/dL.
Using this definition, the majority of their glucose
data are located within this normal glucose range:
male patient has 52%, female patient has 52%,
and young patient has 59% of their CGM glucose
within this 70-120 mg/dL range. Furthermore,
their average GD% value within this “normal
glucose range” are also low, 1.7% to 1.9%. This
indicates that their average GD% peak values are
low as well. The finding signifies that all of them
have higher percentages of glucose points which
are lower glucose. (3) From examining the
possibility of having hyperglycemia (>180 mg/dL)
or hypoglycemia (<70 mg/dL), all three clinical
cases have shown low possibilities (within the
range of 1.2% to 2.3%). This finding reveals that
they have lower risks of having either
hyperglycemia or hypoglycemia. (4) The 3 GD
waveforms are extremely similar in shape with the
GD waveforms from the paper in reference 1,
except for their peak GD% are within 1% to 2.5%
(with only 3 T2D patients over an 18-month
timeframe) while the peak GD% in reference 1 are
within 2% to 6% (with many more severe T2D
patients over relatively shorter timeframes).

Keywords: Glucose density; Type 2 diabetes; Glucose fluctuation; Sensor glucose; Hyperglycemia;

Hypoglycemia

Abbreviations: CGM: continuous glucose monitoring; HbA1C: hemoglobin A1C; GF: glucose fluctuation; ADA:
American Diabetes Association; GD: glucose density; T2D: type 2 diabetes; GV: glucose variability; TIR: time
in range; TAR: time above range; TBR: time below range; TxR: time in/above/below range; MPM: math-
physical medicine; FPG: fasting plasma glucose; PPG: postprandial plasma glucose
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1. INTRODUCTION

The author read an article recently,
“Glucodensities: a new representation of
glucose profiles using distributional data
analysis”, dated August 19, 20200,

Incidentally, he has also made two further
improvements on his glucose data analysis
with his collected big data of sensor glucose
via a continuous glucose monitoring (CGM)
sensor device.

First, in addition to using the HbA1C, which
is the mean value of the past 115 days of red
blood cells carried glucose, of a patient is the
golden standard in evaluating diabetes
condition. He investigates the glucose
fluctuation (GF) (glucose excursion or
glycemic variability) and then transforms the
GF values from a wave’s time-space into an
energy’s frequency-space via Fourier
Transform operations. Using this approach,
he can then guesstimate the degree of
damage on internal organs caused by the
energies associated with GF. Although the
GF research is one step deeper compared to
the study of mean value of glucose, such as
HbA1C, it is still not deep enough to provide
additional details and useful information
hidden within the glucose waves.

Second, he realized that the average values
or mean values of glucose defined by the
American Diabetes Association (ADA) such
as the HbA1C or time in range (average
glucose within a range) can only provide
partial overviews of diabetes condition.
However, these basic biomarkers are still
missing some hidden internal turmoil, i.e.,
glucose vibrations or severe stimulations,
throughout certain selected timeframes due
to all types of external and/or internal
stimulators. Therefore, he has defined
another term known as the glucose density
(GD) in order to explore more and different
information hidden within the glucose data
and their waveforms. GD is defined as the
occurrence frequency at a specific glucose
value, for example 2.1% occurrence rate at
110 mg/dL glucose value over a selected time
period of collected sensor glucose. In this way,
he can then calculate and examine each
glucose value’s occurrence rate within a
glucose range that is suitable to a specific
patient.

If this glucose examination method is
accepted by the medical community, it would
be an extremely beneficial tool for doctors to
be able to quickly study the conditions of
their diabetes patients. Furthermore, the
author has also programmed his algorithm
into an iPhone app software. Through the
combination of his published papers and
medical books along with a widely distributed
app for patient’s use in the future, he believes
that worldwide type 2 diabetes (T2D)
patients can benefit from his research work.

As a part of his follow-on research tasks, he
plans to further examine his GD% resulted
from certain food/diet nutritional types and
exercise intensity levels. Hopefully, his
research papers would not be limited within
the scope of a “descriptive style using 26
alphabets” but instead as a “quantitative
style using 10 digits”. Numbers do not lie as
long as we don’t use fake, unorganized,
and/or uncleaned data. Statistics is a tricky
tool to use because it has the obvious
characteristics of garbage in and garbage out
(GIGO). It is also important to know that by
using statistics with different selected time-
windows for certain studies, the results
would provide varying conclusions.

This part of the introduction assists the
author to organize and summarize his
thoughts and forces him to express the
abstract ideas and theoretical concepts by
writing them on paper, which has helped him
before. Actually, there is nothing fancy about
the above-mentioned analysis approaches;
however, he would like to re-iterate what he
has learned in the past and apply the
mathematical tools to interpret certain
interesting biophysical phenomena or solving
some biomedical challenges.

2. METHODS
2.1 MPM background

To learn more about his developed GH-
Method: Math-Physical Medicine (MPM)
methodology, readers can read the following
three papers selected from his ~500
published medical papers.

The first paper, No. 386 describes his MPM
methodology in a general conceptual format.
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The second paper, No. 387 outlines the
history of his personalized diabetes research,
various application tools, and the differences
between the biochemical medicine (BCM)
approach vs. the MPM approach. The third
paper, No. 397 depicts a general flow diagram
containing ~10 key MPM research methods
and different tools.

In particular, his paper No. 453 illustrates
his GH-Method: MPM in great details,
“Using Topology Concept of Mathematics and
Finite Element Method of Engineering to
Develop a  Mathematical Model of
Metabolism in Medicine in Order to Control
Various Chronic Diseases and their
Complications via Overall Health Conditions
Improvement”.

2.2 Glucose density (GD%)

The author took the following photo directly
from the beginning part of section 3 in the
“Glucodensities” paper® because he is not
quite familiar with how to write English
articles with LATAX math symbols using
Page application on iPad.

3 Definition and Estimation of the Glucodensity

LLK(). The chaice of K does not have
alte of hy is crucial

For the case of any individual patient (G = 1),
the author can then ignore the index i1 and
only use j = 1,.....T, where T is the overall
observation length of glucose, or in his case,
the total T is 211 (from 39 mg/dL to 249
mg/dL).

His gathered CGM glucose data by pairs (tj,
Xj), j = 1,...,T, where the Xj = Y(tj) = CGM
glucose and the tj represents recording times
(every 15 minutes for 96 times each day).
Therefore, he can simplify the above equation
in the photo further into a simplified
equation for one patient only. The GD for
himself can be defined in terms of a
continuous format as follows:

T
GD(x)=( Y)dt)/T
1
with xI <¥(t) <x2 f
where xI and x2 are boundaries of his selected glucose range.

The GD for himself can also be defined in
terms of a discrete format as follows:

T
GD(x)= (XX(5))/T
JFl
with xI < ¥(t) <x2
where x1 and x2 are boundaries of his selected glucose range.

He uses above equations to develop his app
software program on iPhone device to
calculate three GD% values of these 3 T2D
patients and then draw the three associated
GD% curves.

3. Results

Figure 1 shows the 90-days moving average
CGM sensor glucose (eAG) curves for the 3
T2D patients during a period of 1.5 years
from 3/8/2020 to 9/8/2021. The related
information of these T2D patients is listed
below in a format of (age, years of having
T2D, average eAG):

Male: 74, 26, 115 mg/dL
Female: 73, 21, 108 mg/dL
Young: 48, 6, 107 mg/dL

Top diagram of Figure 2 shows the combined
GD% curves of these 3 patients. They have
similar GD% “peak-lumps” located within the
glucose range of 90 mg/dL to 120 mg/dL with
GD% amplitudes within the range of 1.5% to
2.5%. However, most of the GD% values near
the glucose data point x1 (39-65 mg/dL) and
the glucose data point x2 (200-249 mg/dL)
having 0% of GD% values. Therefore, the
author has truncated most of the 0% GD
values near point x1 and point x2, and then
combined the 3 GD% curves into one diagram
with identical glucose ranges from 39 mg/dL
(x1) to 249 mg/dL (x2) which has a total
glucose range value of 211, i.e., T = 211.

The bottom diagram in Figure 2 illustrates
the 3 GD% waveforms in comparison to the
GD% waveforms from reference 1 showing
similar waveforms. Except, these 3 patients’
peak-lumps of GD% are located within 1.5%
to 2.5% over 18 months, while the peak-
lumps of GD% in reference 1 are within 2% to
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6% (with many more severe T2D patients
over relatively shorter timeframes, e.g., 1-2
weeks).

<Back Chart Male T2D patient CGM
Value Mean eAG = 115 mg/dL
3/8/2020 - 9/8/2021

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

<Bocy ~ e . Female T2D patient CGM
Mean eAG = 108 mg/dL
3/8/2020 - 9/8/2021

= Back - = >140=0, ~ Young T2D patient CGM
il Mean eAG = 107 mg/dL
3/8/2020 - 9/8/2021

Figure 1: The 90-days moving average CGM sensor glucose (eAG)
curves for the 3 T2D patients during a period of 1.5 years from
3/8/2020 to 9/8/2021.

[avg GD & Ssum GD (90-120 mg/dL of 3/8/20-9/8/21)|

59%
52% 52%
60.0%
40.0%
Sum GD
20.0% 1.7% 1.7% 1.9%
Ay S A o
0.0%
Male Female Young

®AvgGD ®SumGD

|Hypoglycemia and Hyperglecemia of 3 T2D Patients|

Hyperglycemia

Hypoglycemia

Male Female Young

¥ Hypoglycemia ¥ Hyperglycemia
Figure 2: Glucose density (GD%) curves of FPG, PPG, and eAG
(5/8/2018-9/8/2019).

Figure 3 depicts two summarized
observations of GD%. The top diagram
demonstrates the summation of GD% and the
average GD% of 3 patients within the
“normal glucose range” of 70-120 mg/dL. The
following table lists in the format of
summation GD%, averaged GD%:

Male: 52%, 1.7%
Female: 52%, 1.7%
Young: 59%, 1.9%

Both male and female patients have identical
summation of GD% value (52%) and average
of GD% value (1.7%). The young patient has
higher values for summation of GD% value
(59%) and average of GD% value (1.9%)
which means he has a better glucose
condition than the elderly male and female
patients.

The bottom diagram demonstrates the
possibilities of having either hyperglycemia
(>180 mg/dL) or hypoglycemia (<70 mg/dL).
The following table lists in the format of
hyperglycemia %, hypoglycemia %:

Male: 1.5%, 1.5%
Female: 1.6%, 2.3%
Young: 1.2%, 1.5%

|Glucodensty Distribution of 3 T2D Patients|

1.50%

1.00%

0.50%

0.00%
b e S R
3 g2ge 835 RBES088SE8885988588
2 2% sidssdassddasaddaddgyigggssy

—Male —Female —Young

Glucodensities

Density

50 100 150 200 250 300 350 400

Glucose, mg/dL

Figure 3: The author’s combined 3 GD% curves of FPG, PPG, eAG,
and reference 1’s GD% curve.

All 3 patients have low risk in terms of
having hyperglycemia or hypoglycemia. With
a closer examination, we would discover that
the female case is higher than the male case,
while the male case is higher than young
case.
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4. CONCLUSION

In summary, the author has chosen to
perform research work using the GD concept
but with his own developed proprietary
research software algorithm and app
software along with the collected CGM sensor
glucose data of 3 T2D patients over the same
period of 1.5 years from 3/8/2020 through
9/8/2021. Furthermore, he has also selected a
consistent glucose range covering 39 mg/dL to
249 mg/dL with a total of 211 glucose points
on the x-axis of GD diagram and the GD%
amplitude on the y-axis.

For most clinical practices, medical doctors
use HDbAIC as the golden standard to
evaluate the conditions of their T2D patients.
The HbA1C value represents the average
glucose value of all glucose over the past 90
to 120 days or perhaps 115 days based on the
red blood cell’s lifespan; however, the HbA1C
alone cannot tell doctors additional
information other than the mean value. In
fact, many other useful glucose information is
still hidden within. Biomarkers such as
glucose variability (GV) or GF can provide
more information regarding the damage to a
patient’s internal organ via glucose excursion
which causes many diabetic complications,
including both micro-vascular and macro-
vascular diseases. Furthermore, the ADA has
issued certain guidelines on time in range
(TIR), time above range (TAR), and time
below range (TBR) that can offer a general
idea of how glucose is distributed in three
different ranges: TIR for normal conditions,
TAR for hyperglycemic conditions, and TBR
for hypoglycemic conditions. However, they
are still the mean values within each range,
e.g., <70, 70-180, >180.

Therefore, these three biomarkers, HbA1C,
GF, and time in/above/below range (TxR) are
still missing the needed ability to provide
more detailed glucose variations. Even the
GV or GF are still dealing with another kind
of mean values. Based on these observed
shortcomings, GD can fill in certain gaps of
“missing information” from these three
biomarkers, HbA1C, GF, and TxR.

By using the CGM sensor glucose and the
author developed app software program on
the iPhone, he can generate three sets of GD
data and GD curves for 3 different T2D
patients individually and then combine them

into one diagram with the same scales of both
x-axis and y-axis. Through a closer
examination of the combined diagrams of
GD% for the 3 T2D patients, the author can
describe his 4 key observations:

(1) The waveforms of the 3 T2D patients are
extremely similar to each other with their
GD% peak levels and associated glucose
ranges within the same proximity to each
other. This observation means that all 3
patients have similar diabetes condition over
the past 18 months. Actually, both the male
and female patients, who are 70+ years old,
have long-term and severe T2D history for
over 20 years. However, through a stringent
lifestyle management program, they have
been able to put their diabetic conditions
under control. According to the ADA 2021
consensus report, both male and female
patients belong to a “remission stage” at
present time (see paper No. 505 and No. 506).
The young patient is a 48-year-old male with
a 6-year history of T2D whose glucose
conditions are not as severe as the 70+ year
old diabetes patients.

(2) The author has selected a rather strict
definition of “normal glucose range” within
70-120 mg/dL. Using this definition, the
majority of their glucose data are located
within this normal glucose range: male
patient has 52%, female patient has 52%, and
young patient has 59% of their CGM glucose
within  this 70-120 mg/dL.  range.
Furthermore, their average GD% value
within this “normal glucose range” are also
low, 1.7% to 1.9%. This indicates that their
average GD% peak values are low as well.
The finding signifies that all of them have
higher percentages of glucose points which
are lower glucose.

(3) From examining the possibility of having
hyperglycemia (>180 mg/dL) or hypoglycemia
(<70 mg/dL), all three clinical cases have
shown low possibilities (within the range of
1.2% to 2.3%). This finding reveals that they
have lower risks of having either
hyperglycemia or hypoglycemia.

(4) The 3 GD waveforms are extremely
similar in shape with the GD waveforms from
the paper in reference 1, except for their peak
GD% are within 1% to 2.5% (with only 3 T2D
patients over an 18-month timeframe) while
the peak GD% in reference 1 are within 2% to
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6% (with many more severe T2D patients
over relatively shorter timeframes).
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