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Abstract

The author has applied the high-order interpolation perturbation theory from quantum mechanics to his medical
research work and has written numerous articles on this topic. The high-order perturbation theory application in-
cludes the first-order, second-order, and third-order of a “perturbation factor” to generate three results with different
prediction accuracies. Usually the higher order perturbation factor yields a higher prediction accuracy. In general,
he identifies this type of problem using one “perturbation factor” only, such as carbs/sugar for postprandial plasma
glucose (PPG) or body weight for fasting plasma glucose (FPG). In this article, he attempts two “perturbation fac-
tors” simultaneously to predict his future PPG based on carbs/sugar intake amount (carbs) and post-meal waking
steps (walk), while using a previously collected PPG dataset as his baseline of calculation that is “initial condition”.

At first, he accumulated a set of measured PPG data and synthe-
sized waveform generated during the period from 5/5/2018 to
1/18/2020 known as the “pre-COVID” period. He utilized the
pre-COVID synthesized dataset and high-order perturbation equa-
tion with the above-mentioned two perturbation factors to gen-
erate another synthesized PPG waveform during the on-going
period from 1/19/2020 to 6/7/2021 or another future ending date
(the “COVID” period). Finally, he compared this predicted PPG
dataset and waveform against his measured COVID PPG data and
waveform (with data collected to date) to obtain its prediction ac-
curacy and waveform shape similarity. It should be noted that if’
he changes the end date for the present measurement period, he
must re-examine or even modify his initially defined perturbation
factors as well.

These comparison studies contain the following two final yard-
sticks to provide confirmation. The first yardstick is to verify the
prediction accuracies of these three perturbed PPG values via their
average PPG of two datasets or waveforms. The second yardstick
is to examine the waveform shape similarity via their calculat-
ed correlation coefficients between the measured PPG dataset or

waveform and the three perturbed PPG datasets or waveforms.

The purpose of this study is to investigate the prediction accuracy
and waveform shape similarities of PPG in his present period or
future period. He utilizes three different orders of perturbation
equations with two selected vital influential factors as the “pertur-
bation factors”, which are carbs and walk, and based on a previ-
ous period’s PPG data or waveform as his prediction’s baseline of
calculation.

In summary, the obvious conclusion drawn from this research
work is that the perturbation equation with two perturbation
factors provide a predicted PPG with a slightly higher accuracy
and near-duplicative waveform shapes in comparison with one
perturbation factor. As a matter of fact, the higher-order of the
perturbation equation used, the better results can be achieved for
prediction accuracy.

The following table shows the prediction accuracies in the format
of (carbs only and carbs combined with walk):
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97.3%, 97.4%
98.7%, 98.8%
99.4%, 99.5%

First order:
Second order:
Third order:

In this study, the three perturbed PPG waveforms have equal lev-
el of waveform shape similarity with 81% versus the measured
COVID PPG waveform. The correlations of lower than 90% are
due to the selection on the pre-COVID PPG data as his baseline
of calculation.

In the real world, there are very few diabetes doctors and patients
who can understand the perturbation theory of quantum mechan-
ics, let alone be able to apply this theory on calculation of pre-
dicted future glucose based on previous data, also including two
perturbation factors, with a desired high prediction accuracy.

|3 Perturbed PPG (including both carbs & walking) vs. Measured COVID PPGI

Prediction Accuracy & Correlation:
1st order: 97.4%; 81%

2nd order:
3rd order:

98.8%; 81%
99.5%; 81%
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Introduction

The author has applied the high-order interpolation perturbation
theory from quantum mechanics to his medical research work and
has written numerous articles on this topic. The high-order per-
turbation theory application includes the first-order, second-order,
and third-order of a “perturbation factor” to generate three results
with different prediction accuracies. Usually the higher order per-
turbation factor yields a higher prediction accuracy. In general,
he identifies this type of problem using one “perturbation factor”
only, such as carbs/sugar for postprandial plasma glucose (PPG) or
body weight for fasting plasma glucose (FPG). In this article, he
attempts two “perturbation factors” simultaneously to predict his
future PPG based on carbs/sugar intake amount (carbs) and post-
meal waking steps (walk), while using a previously collected PPG
dataset as his baseline of calculation that is “initial condition”.

At first, he accumulated a set of measured PPG data and synthe-
sized waveform generated during the period from 5/5/2018 to
1/18/2020 known as the “pre-COVID” period. He utilized the
pre-COVID synthesized dataset and high-order perturbation equa-
tion with the above-mentioned two perturbation factors to gen-
erate another synthesized PPG waveform during the on-going
period from 1/19/2020 to 6/7/2021 or another future ending date
(the “COVID” period). Finally, he compared this predicted PPG
dataset and waveform against his measured COVID PPG data and
waveform (with data collected to date) to obtain its prediction ac-
curacy and waveform shape similarity. It should be noted that if
he changes the end date for the present measurement period, he
must re-examine or even modify his initially defined perturbation
factors as well.

These comparison studies contain the following two final yard-
sticks to provide confirmation. The first yardstick is to verify the
prediction accuracies of these three perturbed PPG values via their
average PPG of two datasets or waveforms. The second yardstick
is to examine the waveform shape similarity via their calculat-
ed correlation coefficients between the measured PPG dataset or
waveform and the three perturbed PPG datasets or waveforms.

The purpose of this study is to investigate the prediction accuracy
and waveform shape similarities of PPG in his present period or
future period. He utilizes three different orders of perturbation
equations with two selected vital influential factors as the “pertur-
bation factors”, which are carbs and walk, and based on a previ-
ous period’s PPG data or waveform as his prediction’s baseline of
calculation.

Methods

The author has chosen not to repeat all of the details regarding his
applied methods as described in other papers. Instead, he outlines
a few important equations, formulas, or conditions in this article.

MPM Background

To learn more about his developed GH-Method: math-physical
medicine (MPM) methodology, readers can read the following
three papers selected from the published 400+ medical papers.

The first paper, No. 386 (Reference 1) describes his MPM method-
ology in a general conceptual format. The second paper, No. 387
(Reference 2) outlines the history of his personalized diabetes re-
search, various application tools, and the differences between bio-
chemical medicine (BCM) approach versus the MPM approach.
The third paper, No. 397 (Reference 3) depicts a general flow di-
agram containing ~10 key MPM research methods and different
tools.

Higher-order Interpolation Perturbation Theory with two Pertur-
bation Factors

The author applies the higher-order interpolation perturbation
method to obtain his three “perturbed PPG” waveforms based on
one function of the selected carbs/sugar intake amount functioning
as the perturbation factors, which is the “Slope Equation”. He
uses the “measured PPG” waveform as his “reference waveform”.

The following polynomial function is used as the perturbation
equation:

A= f{x)
= A0 + (A1*0) + (A2%c¥¥2)+(A3%c**3) + .. + (An*x**n)

Where A is the perturbed glucose, Ai is the measured glucose, and
X is the “perturbation factor” based on different carbs/sugar in-
take amounts.

For this particular study, he choose his Ai where i=1 to 3. There-
fore, the perturbation theory equation from above can be simpli-
fied to the following form:

4= ftx)
= A0 + (A1*x) + (A2*(x**2))+(A3*(x**3))

J App Mat Sci & Engg Res, 2021

www.opastonline.com

Volume 5 | Issue 2 | 2



Or the third-order interpolation perturbation equation can then be
expressed in the following general format:

Ai=Al + (A2-A1)*(slope 1) +
(A2-A1)*(slope 2) + (42-A1) *(slope*3)

More specifically, the following formats of three perturbation
equations are utilized in the calculations of this study:

A of first order
= (A2-Al)*(slope 1)

A of second order
= (A2-A1)*(slope 2)

A of third order
=(A2-A1)*(slop 3)

Where:

Al = original glucose A at time 1

A2 = advanced glucose A at time 2

(A2-A1) = (Glucose A at Time 2 - Glucose A at Time 1)

The perturbation factor of Slope is an arbitrarily selected parame-
ter that controls the size of the perturbation.

The author has chosen a function of carbs/sugar intake amount,
as his perturbation factor or slope, which is further defined as fol-
lows:

In this particular study, he selects the 4.9 grams as the low-bound
carbs/sugar and 21.8 grams as the high-bound carbs/sugar, while
13.2 grams as his selected carbs/sugar amount.

The equations for 3 slopes are:

Slope 1
= (Selected Carbs - Low-bound Carbs) / (High-bound Carbs -
Low-bound Carbs)

Slope 2
= (Slope 1 * Slope 1)
or (Slope**2)

Slope 3
= (Slope 1 * Slope 1 * Slope 1)
or (Slope**3)

It should be noted that, for achieving a better predicted glucose
value, the selected carbs amount should be within the range of
the high-bound carbs and the low-bound carbs, where these two
boundary carbs amounts should be within 4x in magnitude to each
other.

Therefore, in this particular study, his three slope values are calcu-
lated as follows:

Slope 1 from Carbs = 0.53
Slope 2 from Carbs = 0.28

Slope 3 from Carbs = 0.15

In order to deal with the second perturbation factor, post-meal
walking steps, he repeats the second equation similar to the
above-mentioned first perturbation equation.

B=/)
= B0 + (BI%y) + (B2*(y**2))+(B3*(y**3))

Or the third-order interpolation perturbation equation can then be
expressed in the following general format:

Bi=BI + (B2-B1)*(slope 1) +
(B2-B1)*(slope 2) + (B2-B1)*(slope*3)

More specifically, the following formats of the three perturbation
equations are utilized in the calculations for this study:

B of first order
= (B2-B1)*(slope 1)

B of second order
= (B2-B1)*(slope 2)

B of third order
= (B2-B1)*(slope 3)

Where:
B1 = original glucose B at time 1

B2 = advanced glucose B at time 2
(B2-B1) = (Glucose B at Time 2 - Glucose B at Time 1)

The perturbation factor of Slope is an arbitrarily selected parame-
ter that controls the size of the perturbation. The author has chosen
a function of carbs/sugar intake amount, as his perturbation factor
or slope, which is further defined as follows:

In this study, he selects the 3,076 steps as the low-bound walking
and 5,529 steps as the high-bound walking, while 4,356 steps as
his selected post-meal walking amount.

The equations for the 3 slopes are:

Slope 1
= (Selected Walk - Low-bound Walk) / (High-bound Walk - Low-
bound Walk)

Slope 2
= (Slope 1 * Slope 1)
or (Slope**2)

Slope 3
= (Slope 1 * Slope 1 * Slope 1)
or (Slope**3)

Therefore, in this particular study, his three slope values are calcu-
lated as follows:
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Slope 1 from Walk = 0.52
Slope 2 from Walk = 0.27
Slope 3 from Walk = 0.14

It should be pointed out that these three slopes from walk are 0.01
less than the three slopes from carbs due to the prediction accura-
¢y from one perturbation factor of carbs only is 0.1% lower than
the prediction accuracy from two perturbation factors of carbs
combined with walk.

Slope 1 from Carbs = 0.53
Slope 2 from Carbs = 0.28
Slope 3 from Carbs = 0.15

In order to avoid dealing with two parameters simultaneously, he
decides to add another layer of approximation on top of the built-
in approximation from the perturbation theory by the following
simple averaging formula:

Final perturbed PPG = (A+B)/2

Although he decoupled the carbs factor and the walk factor in his
perturbation operations, the “measured” PPG dataset and wave-
form of pre-COVID and COVID periods have actually involved
~19 influential factors with carbs and walk being their 2 primary
influential factors.

Results

Figure 1 shows the PPG input data and some calculation results
using two perturbation factors for Pre-COVID period (5/5/2018 -
1/18/2020) and COVID period (1/19/2020 - 6/7/2021).

cowp carvs Carbs. Garbs | pre-covo ovD | watking | waiking | waiing
Messured | Pert A (130) | Pert A (ind)| Pert A (3rd] | Messured [PPG Wheasured | 7 TEnd]] Pert A Gied)
min’ 120 120 120 )

Pre-cowiD
easured

(Averay
Accuracy (vs. COVID)
(Correlation|

Carbs & Walking
seiection of Carbs
Perturbation Theory
[Select-Low)/(High-Low)

120
20
120

1130 min )

i 8333 EEEE

—_—
1208

—_—
(Average 1203 1234 1217 1210

1353 1134 1219 1218

Figure 1: Input data and calculation results using 2 perturbation
factors for two periods of Pre-COVID (5/5/2018 - 1/18/2020) and
COVID (1/19/2020 - 6/7/2021)

The first perturbation factor is Carbs of which he has chosen the
selected carbs of 13.2 grams. This is his actual measured carbs/
sugar amount in the COVID period and is located approximately
at the midpoint (13.4 grams) of his low-bound carbs of 4.9 grams
and high-bound carbs of 21.8 grams. The three calculated slopes
are 0.49 for the first-order perturbation, 0.24 for the second-order
perturbation, and 0.12 for the third-order perturbation.

The second perturbation factor is Walk. He has chosen the select-
ed walk of 4,356 steps which is his actual measured carbs/sugar
amount in COVID period and is located in the midpoint (4,303
steps) of his low-bound walk of 3,076 steps and high-bound walk
of 5,529 steps. The three calculated slopes are 0.52 for the first-or-
der perturbation, 0.27 for the second-order perturbation, and 0.14
for the third-order perturbation.

Figure 2 illustrates three Perturbed PPG curves and one measured
PPG curve using 2 perturbation factors for both pre-COVID period
(5/5/2018 - 1/18/2020) and COVID period (1/19/2020 - 6/7/2021).

COVID Carbs+Walk | Carbs+Walk | Carbs+Walk
Measured | Pert A (1st) | Pert A (2nd) | Pert A (3rd)
120 120 120 120
122 122 121 121
125 125 123 121
128 127 122
126 128 122
123 126 122

125 121
123 121
122 121
121

(1/19/20-6/1/21)
PPG due to Carbs

Figure 2: 3 Perturbed PPG curves and 1 measured PPG curve us-
ing 2 perturbation factors for both pre-COVID period (5/5/2018
- 1/18/2020) and COVID period (1/19/2020 - 6/7/2021)

Figure 3 reflects a comparison of 3 perturbed PPG waveforms (us-
ing 2 perturbation factors and the pre-COVID measured data as
their baselines) versus the measured PPG waveform of COVID
period (1/19/2020 - 6/7/2021).

[3 Perturbed PPG (including both carbs & walking) vs. Measured COVID PPG

At ~aar

Prediction Accuracy & Correlation:
1st order: 97.4%; B1%
2nd order: 98.8%; 81%
3rd order: 99.5%; 81%

—Measured —Pert A (1st)

Pert A (2nd) —PertA (3rd)

Figure 3: Comparison of 3 perturbed PPG waveforms (using 2
perturbation factors and the pre-COVID measured data as their
baselines) versus the measured PPG waveform of COVID period
(1/19/2020 - 6/7/2021)

The peak PPG values of the three perturbed curves are 122-128
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mg/dL around 60-minutes in comparison with the peak measured
COVID curve of 128 mg/dL at 45 minutes. However, these three
perturbed PPG waveforms, which are similar to the pre-COVID
PPG waveform, are gradually declining after 60-minutes to
180-minutes. On the contrary, the measured COVID PPG wave-
form has a slight curve tilting-upward after 135-minutes.

The average PPG value and prediction accuracy using two pertur-
bation factors, Carbs and walk, of each perturbation equation for
the COVID period are listed below:

Measured:
First-order:
Second-order:
Third-order:

120.3 mg/dL, 100%
123.4 mg/dL, 97.4%
121.8 mg/dL, 98.8%
120.9 mg/dL, 99.5%

The three perturbed waveform predictions have the same shape
similarity (i.e., same correlation coefficients of R=81%) in com-
parison against the measured COVID PPG. These slightly lower
than 90% of R is due to the fact that the 3 predicted COVID wave-
forms are using the pre-COVID measured data as their baseline of
calculation. Nevertheless, an 81% correlation is still considered as
an extremely high number in terms of waveform shape similarity
comparison.

The mathematical power of achieving excellent approximation of
PPG values and their corresponding waveforms by using the per-
turbation theory can be observed clearly via the summarized table
shown below in the format of first-order, second-order, third-order:

Correlation: 81%, 81%, 81%
Accuracy: 97.4%, 98.8%, 99.5%

As a comparison, the following table reveals the results from using
the same high-order perturbation equation but with only one per-
turbation factor, carbs/sugar intake amount.

Correlation: 81%, 81%, 81%
Accuracy: 97.3%, 98.7%, 99.4%

The results from using only one perturbation factor, carbs, have
0.1% lower prediction accuracy and the same waveform shape
similarity of 81% in comparison with the results from using two
perturbation factors, i.e. carbs combined with walk.

Conclusions

In summary, the obvious conclusion drawn from this research
work is that the perturbation equation with two perturbation
factors provide a predicted PPG with a slightly higher accuracy
and near-duplicative waveform shapes in comparison with one
perturbation factor. As a matter of fact, the higher-order of the
perturbation equation used, the better results can be achieved for
prediction accuracy.

The following table shows the prediction accuracies in the format
of (carbs only and carbs combined with walk):

First order: 97.3%, 97.4%

Second order: 98.7%, 98.8%
Third order: 99.4%, 99.5%

In this study, the three perturbed PPG waveforms have equal lev-
el of waveform shape similarity with 81% versus the measured
COVID PPG waveform. The correlations of lower than 90% are
due to the selection on the pre-COVID PPG data as his baseline
of calculation.

In the real world, there are very few diabetes doctors and patients
who can understand the perturbation theory of quantum mechan-
ics, let alone be able to apply this theory on calculation of predict-
ed future glucose based on previous data, also including two per-
turbation factors, with a desired high prediction accuracy [1-38].
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