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Abstract
In the author’s previous medical research reports, he mainly applied physics theories, engineering models, mathematical 
equations, computer big data analytics and artificial intelligence (AI) techniques, as well as some statistical approaches to 
explore and interpret various biophysical phenomena.  However, the majority of medical research papers he has read thus 
far are primarily based on statistics.  As a result, in this article, he selects some basic statistical tools, such as correlation, 
variance, p-values, and regression analyses, to study the predicted Cancer risk probability as the output (dependent 
variable) by using his MI-based CVD/Stroke risk as the input (independent variable).  
 
Since 1/1/2012, the author has been collecting various data related to his health (~3 million data) which includes 4 
categories of medical conditions, obesity, diabetes, hypertension, and hyperlipidemia (m1 through m4), along with 6 
categories of lifestyle details, including exercise, water intake, sleep, stress, food, and daily life routines (m6 through m10). 
Due to his limited knowledge in earlier years, the datasets from 2010 to 2012 are incomplete; therefore, the data used in 
this study for the initial period of 2010-2012 are his best-guessed data.
 
Previously, he researched and published a few articles regarding the risks of having CVD/Stroke and Cancers based on 
his enhanced metabolism index (MI) model.  In this particular paper, adopting a regression analysis model, he is able to 
compare the previously calculated Cancer risks based on the enhanced MI model versus the newly regression predicted 
Cancer risks using his MI-based CVD risks as input.  
 
In this study, he will not repeat the detailed introduction of the regression analysis in the Method section because it is 
available in many statistics textbook.  It should be noted that in regression analysis, the correlation coefficient R should 
be > 0.5 or 50% to indicate a strong inter-connectivity and the p-value should be < 0.05 to be considered as statistically 
significant.  
 
In summary, there are two specific conclusions worth mentioning:
 
1.	 The time-domain analysis results have revealed that the correlation between his Cancer risk and CVD risk are very 

high (89%).  In addition, his enhanced MI-based model Cancer Risk and Regression Predicted Cancer Risk are highly 
correlated as well.  

2.	 The space-domain linear regression analysis has shown that there is a variance of 1.0 existing between his Cancer 
risk and CVD risk. When using the nonlinear polynomial model, his variance still reaches 99.6%.  This finding has 
further proven his Cancer risk and CVD risk are highly correlated together. Furthermore, he has conducted two more 
linear regression analyses of Cancer risk vs. Lifestyle and CVD risk vs. Lifestyle which reveal two extremely high 
linear variances at 1.0.  These findings offer additional indication that Lifestyle, the common root-cause, contributes 
highly on both CVD risk and Cancer risk. 
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Introduction 
In the author’s previous medical research reports, he mainly ap-
plied physics theories, engineering models, mathematical equa-
tions, computer big data analytics and artificial intelligence (AI) 
techniques, as well as some statistical approaches to explore and 
interpret various biophysical phenomena.  However, the major-
ity of medical research papers he has read thus far are primarily 
based on statistics.  As a result, in this article, he selects some ba-
sic statistical tools, such as correlation, variance, p-values, and 
regression analyses, to study the predicted Cancer risk proba-
bility as the output (dependent variable) by using his MI-based 
CVD/Stroke risk as the input (independent variable).  
 
Since 1/1/2012, the author has been collecting various data relat-
ed to his health (~3 million data) which includes 4 categories of 
medical conditions, obesity, diabetes, hypertension, and hyper-
lipidemia (m1 through m4), along with 6 categories of lifestyle 
details, including exercise, water intake, sleep, stress, food, and 
daily life routines (m6 through m10). Due to his limited knowl-
edge in earlier years, the datasets from 2010 to 2012 are incom-
plete; therefore, the data used in this study for the initial period 
of 2010-2012 are his best-guessed data.
 
Previously, he researched and published a few articles regarding 
the risks of having CVD/Stroke and Cancers based on his en-
hanced metabolism index (MI) model.  In this particular paper, 
adopting a regression analysis model, he is able to compare the 
previously calculated Cancer risks based on the enhanced MI 
model versus the newly regression predicted Cancer risks using 
his MI-based CVD risks as input.  
 
In this study, he will not repeat the detailed introduction of the 
regression analysis in the Method section because it is available 
in many statistics textbook.  It should be noted that in regression 
analysis, the correlation coefficient R should be > 0.5 or 50% to 
indicate a strong inter-connectivity and the p-value should be < 
0.05 to be considered as statistically significant.  
 

Methods
MPM Background
To learn more about the author’s developed GH-Method: 
math-physical medicine (MPM) methodology, readers can se-
lect the following three papers from his ~500 published medical 
papers.  
 
The first paper, No. 386 describes his MPM methodology in a 
general conceptual format.  The second paper, No. 387 outlines 
the history of his personalized diabetes research, various appli-
cation tools, and the differences between biochemical medicine 
(BCM) approach versus the MPM approach.  The third paper, 
No. 397 depicts a general flow diagram containing ~10 key 
MPM research methods and different tools.  
 
In particular, paper No. 453 illustrates his GH-Method: 
math-physical medicine in great details, “Using Topology con-
cept 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”.  
 
His Case of T2D and Complications
The author has been a severe type 2 diabetes (T2D) patient since 
1996 and weighed 220 lbs. (100 kg, BMI 32.5) at that time. By 
2010, he still weighed 198 lbs. (BMI 29.2) with an average daily 
glucose of 250 mg/dL (HbA1C of 10%).  During that year, his 
triglycerides reached to 1161 (diabetic retinopathy or DR) and 
albumin-creatinine ratio (ACR) at 116 (chronic kidney disease 
or CKD). He also suffered five cardiac episodes within a decade.  
In 2010, three independent physicians warned him regarding his 
needs of kidney dialysis treatment and future high risk of dying 
from severe diabetic complications.  Other than cerebrovascular 
disease (stroke), he has suffered most known diabetic complica-
tions, including both macro-vascular and micro-vascular com-
plications.  
 
In 2010, he decided to launch his self-study on endocrinology, 
diabetes, and food nutrition in order to save his own life.  During 
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2015 and 2016, he developed four prediction models related to 
diabetes conditions: weight, postprandial plasma glucose (PPG), 
fasting plasma glucose (FPG), and A1C.  As a result, from us-
ing his developed mathematical metabolism index (MI) model 
in 2014 and the four prediction tools, by end of 2016, his weight 
was reduced from 220 lbs. (100 kg, BMI 32.5) to 176 lbs. (89 kg, 
BMI 26.0), waistline from 44 inches (112 cm, nonalcoholic fatty 
liver disease /NAFLD) to 33 inches (84 cm), average finger glu-
cose reading from 250 mg/dL to 120 mg/dL, and lab-tested A1C 
from 10% to ~6.5%.  One of his major accomplishments is that 
he no longer takes any diabetes medications since 12/8/2015.
 
In 2017, he has achieved excellent results on all fronts, especial-
ly his glucose control.  However, during the pre-COVID period 
of 2018 and 2019, he traveled to approximately 50+ internation-
al cities to attend 65+ medical conferences and made ~120 oral 
presentations.  This hectic schedule inflicted damage to his dia-
betes control, through dinning out frequently, post-meal exercise 
disruption, jet lag, and along with the overall metabolism impact 
due to his irregular life patterns through a busy travel schedule; 
therefore, his glucose control and overall metabolism state were 
somewhat affected during this two-year heavy travel period.  
 
During 2020 and 2021 with a strict COVID-19 quarantine life-
style, not only has he written and published ~400 medical pa-
pers in 100+ journals, but he has also reached his best health 
conditions for the past 26 years.  By the beginning of 2021, his 
weight was further reduced to 165 lbs. (BMI 24.4) along with a 
6.1% A1C value (daily average glucose at 105 mg/dL), without 
having any medication interventions or insulin injections. These 
good results are due to his non-traveling, low-stress, and regular 
daily life routines.  Due to the knowledge of chronic diseases, 
practical lifestyle management experiences, and his developed 
various high-tech tools, they contributed to his excellent health 
status since 1/19/2020, which is the start date of being self-quar-
antine.
 
On 5/5/2018, he applied a continuous glucose monitoring 
(CGM) sensor device on his upper arm and checks glucose mea-
surements every 5 minutes for a total of ~288 times each day.  
He has maintained the same measurement pattern to present day.  
In his research work, he uses the CGM sensor glucose at time-in-
terval of 15 minutes (96 data per day).  Incidentally, the dif-
ference of average sensor glucoses between 5-minute intervals 
and 15-minute intervals is only 0.4% (average glucose of 114.81 
mg/dL for 5-minutes and average glucose of 114.35 mg/dL for 
15-minutes with a correlation of 93% between these two sensor 
glucose curves) during the period from 2/19/20 to 8/13/21.  
 
Therefore, over the past 11 years, he could study and analyze 
the collected ~3 million data regarding his health status, medi-
cal conditions, and lifestyle details.  He applies his knowledge, 
models, and tools from mathematics, physics, engineering, and 
computer science to conduct his medical research work.  His 
medical research work is based on the aims of achieving both 
“high precision” with “quantitative proof” in the medical find-
ings.   
 
The following timetable provides a rough sketch of the emphasis 
of his medical research during each stage:

•	 2000-2013:  Self-study diabetes and food nutrition, devel-
oping a data collection and analysis software.

•	 2014:  Develop a mathematical model of metabolism, using 
engineering modeling and advanced mathematics.

•	 2015:  Weight & FPG prediction models, using neurosci-
ence.

•	 2016:  PPG & HbA1C prediction models, utilizing optical 
physics, AI, and neuroscience.

•	 2017:  Complications due to macro-vascular research such 
as cardiovascular disease (CVD), coronary heart disease 
(CHD) and stroke, using pattern analysis and segmentation 
analysis.

•	 2018:  Complications due to micro-vascular research such 
as CKD, bladder, foot, and eye issues such as DR.

•	 2019:  CGM big data analysis, using wave theory, energy 
theory, frequency domain analysis, quantum mechanics, 
and AI.

•	 2020:  Cancer, dementia, longevity, geriatrics, DR, hypo-
thyroidism, diabetic foot, diabetic fungal infection, linkage 
between metabolism and immunity, and learning about cer-
tain infectious diseases such as COVID-19.  

•	 2021:  Applications of LEGT and perturbation theory 
from quantum mechanics on medical research subjects, 
such as chronic diseases and their complications, cancer, 
and dementia. Using metabolism and immunity.it’s as the 
base, he expands his research into cancers, dementia, and 
COVID-19.  In addition, he has also developed a few useful 
analysis methods and tools for his medical research work.  

 
To date, he has collected nearly 3 million data regarding his 
medical conditions and lifestyle details.  In addition, he has writ-
ten 536 medical papers and published 500+ articles in 100+ var-
ious medical journals, including 7 special editions with select-
ed 20-25 papers for each edition. Moreover, he has given ~120 
presentations at ~65 international medical conferences.  He has 
continuously dedicated time and effort on medical research work 
to share his findings and knowledge with patients worldwide.   
 
Risk Probability Model of CVD
In this paper, the author described how to apply his engineering 
science background, including mathematics, physics, and com-
puter science to conduct medical research on the risk probability 
of having various complications from chronic diseases, such as 
stroke, CVD, CHD, CKD, DK, dementia, and cancer.  He will 
specifically explain the risk model of having a CVD or stroke.  
 
After reviewing 6 years of collected data from 10/12/2016 
through 10/11/2021, where he focused on his 4 chronic disease’s 
medical conditions, including obesity, diabetes, hypertension, 
and hyperlipidemia, along with the medical conditions and 6 
lifestyle details.
 
As a part of his medical research, he applied the acquired me-
chanical and structural engineering knowledge to develop sever-
al biomedical scenarios to research the chronic diseases, obesi-
ty, diabetes, hypertension, and hyperlipidemia, along with their 
induced various complications.  One of these complications is 
CVD/stroke.  
 
The engineering analogy of deaths caused by disease and human 
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expected lifespan can be explained simply by using an example 
of a new machine or a new bridge.  If we develop a monitoring 
system to continuously measure, record, and analyze the external 
forces, material strength, and material damages for a machine or 
bridge, as well as the relationship between force/stress (similar 
to causes of a disease such as lifestyle details) and deformation/
strain (similar to symptoms of a disease such as medical condi-
tions), we can then have a clear idea how severe the damages 
are and to determine the useful life or expected lifespan of the 
machine or bridge.
 
The author self-studied chronic diseases, metabolism, and food 
nutrition for 4-years from 2010 to 2013.  He started his medical 
research work by building a mathematical metabolism model in 
2014.  He named his research methodology as the “GH-method: 
math-physical medicine (MPM approach)”.  Over the past 11 
years of his medical research work, he has learned that the most 
important factor is knowing how to apply physics principles and 
engineering modeling techniques to various biomedical prob-
lems.  This is different from simply inserting your biomedical 
data into some existing mathematical equations extended from 
physical theories and engineering models.  
 
The reason for doing this is that the original mathematical equa-
tions associated with the original inventors’ theories or models 
usually come with their inherited boundary conditions.  These 
conditions may or may not fit perfectly with the biomedical sit-
uations directly; therefore, you must understand the scope and 
applicability of these physical theories and engineering models 
first, and then find a suitable way to apply them.  In other words, 
by learning other people’s wisdom first and then find a way to 
apply their wisdom to your own biomedical problem is the most 
practical way to solve these different biomedical problems.
 
The author’s simple numerical calculation of risk probability is 
based on his knowledge and applications of physics law/con-
cept and engineering modeling technique, big data analytics, and 
his developed mathematical metabolism model.  It has depicted 
a viable way to extend lowering the risk probability of having 
various complications through an effective metabolic condition 
improvement and lifestyle maintenance program.  This practical 
method has already been applied and proven effectively in con-
trolling his T2D and its various complications without taking 
medications for the past 6 years.  In his disease risk model, it in-
cludes basic conditions, such as genetic and life-time unhealthy 
habits.  When dealing with medical conditions, for example, 
the artery blockage situations are mainly related to glucose and 
blood lipids, while artery fracture conditions are primarily relat-
ed to glucose and blood pressure.  Furthermore, his 6 lifestyle 
details, food & diet, water intake, exercise, sleep, stress, and dai-
ly life routines also play vital roles in the determination of CVD/
Stroke risks. 

Risk Probability Model of Cancers
Medicine is one of the most complex subjects which includes 
many aspects other academic subjects do not have.  For exam-
ple, the ambiguity between root cause (input) and symptom 
(output) can be switched under certain circumstances.  Howev-

er, this role-switching phenomena are not frequently observed 
in the engineering world.  For example, metabolic disorder 
induced chronic diseases are the symptoms of poor lifestyles 
(root-cause).  Complications such as cardiovascular disease or 
CVD is the outcome of chronic diseases, such as diabetes (in-
put disease).  Furthermore, both diabetes and CVD share some 
common root causes, such as obesity.  Furthermore, even can-
cers and CVD are somewhat related.  Certain cancer cases are 
also related to CVD, diabetes, obesity, and poor lifestyle. Some 
clinical data have shown that cancer patients are at higher risk of 
dying from heart disease and stroke.  
 
The above descriptions offer blended pictures of causes and 
symptoms.  These findings have further demonstrated these phe-
nomena of “role-switching or role-changing”.  
 
From the 2017 annual US study of death cases, three major caus-
es are chronic diseases with various complications (50%), can-
cers (29%), infectious diseases (11%), along with non-diseases 
related death (10%).  
 
Cancer is an exceedingly difficult and complicated disease that 
can affect any organ within the body, where abnormal cells di-
vide and mutate rapidly, destroying healthy normal cells in the 
process. The possible cause of cancer can result from a combi-
nation of many different reasons.  The author has dedicated the 
past decade on researching endocrinology and metabolism.  He 
considers that both endocrinology and cancer are quite similar 
from the viewpoint of “digging into a black box of the inner 
universe within the human body”. However, based on his rudi-
mentary understanding of cancer, he also feels that the diseases 
caused by cancer are probably at least 10 times more complicat-
ed than endocrinology.  Although he is not an oncology expert, 
only a patient and research scientist on chronic diseases and me-
tabolism, he has a strong curiosity and motivation in wanting 
to know more about his own risk probability of having cancers 
(there are more than 50 different types of cancers).  This reason 
inspires his cancer research work by using the learned knowl-
edge on metabolism and research methodologies to conduct his 
own assessment on the relationship between the overall cancer 
risk versus the overall metabolism.  
 
One information to support his findings is that there are 23 can-
cer factors causing a total of 45.2% of entire cancer cases in 
China (around 2.3 million cases per year).  Most of these 23 
influential factors happened to be a part of the components iden-
tified in his developed mathematical model of metabolism.  
 
Figure 2 demonstrates six different cancer influential factors 
from a summarized cancer table developed by the author which 
connect certain cancer causing or influencing factors and organ 
systems affected by cancer.  This is an ongoing project.  He still 
has a lot to learn about cancer diseases, for example, which or-
gans in one particular organ system are most likely to be affected 
by an influential factor.  Therefore, this article only serves as the 
beginning of his long journey in cancer research using his devel-
oped GH-Method: math-physical medicine.  
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Figure 2:  Time-domain analysis of both MI-based Cancer 
Risk, MI-based CVD Risk, and regression predicted Cancer 
Risk using CVD Risk as input (2010-2021)

He started his investigation from identifying major causes and 
the possible organ systems affected by cancer.
 
First, of course, like many other branches of medical research, 
he started with the sub-area of genetics, including his age, race, 
gender, and family genetic background.  He has assigned 5% of 
weight to this sub-area of genetic factors.  
 
Second, he delved into the sub-area of personal unhealthy habits 
including smoking or chewing tobacco, drinking alcohol, and/
or taking illicit drugs that would lead into various types of can-
cer affecting different organ systems.  In addition, he also in-
vestigated other components, such as having an inadequate diet, 
inactive lifestyle, high stress life, poor sleep quality, and per-
sonal medical history along with types, amounts, and duration 
of medication intake that would also lead into different types of 
cancers.  He assigned 20% of weight to this sub-area of personal 
unhealthy habit factors.  
 
Third, the sub-area of environmental factors includes toxic 
chemicals, air pollution (e.g., PM 2.5), water pollution, food pol-
lution, poison, hormone therapy, nuclear radiation (e.g., X-ray, 

CT), UV radiation, infection from parasites and bacteria, or oth-
er cancer-causing chemicals, and more.  He assigned 15% of 
weight to this sub-area of environmental factors.  As an example, 
relatively speaking, China can have a higher percentage of can-
cer cases in this sub-area due to its highly polluted environment, 
including land, water, and air.  
 
Fourth, the sub-area of viral infection factors includes Helico-
bacter Pylori, Hepatitis B Virus, Hepatitis C Virus, HIV Virus, 
Human Papilloma Virus, Epstein-Barr Virus, Paragonimus Sin-
ensis, Human Herpes Virus Type 8, Kaposi’s Sarcoma, Hod-
gkin’s Lymphoma, and others.  He assigned 10% of weight to 
this sub-area of viral infection factors.
 
Fifth, the sub-area of metabolic disorder induced chronic dis-
eases and their various complications include obesity, diabetes, 
hypertension, hyperlipidemia, CVD, stroke, CKD, bladder in-
fection, hyperthyroidism, bladder infection, foot ulcer, diabet-
ic retinopathy, and more.  He assigned 15% of weight to this 
sub-area of chronic diseases factors.  
 
Sixth, the most important sub-area of lifestyle details which 
count for 35% of the total weight, should be the foundation of 
the root-causes mentioned in the above situations except for 
the genetic factor. This sub-area include six categories, food 
and diet, exercise, water intake, sleep, stress, and daily routine 
life pattern.  These categories combined with the fifth sub-area 
of chronic diseases have approximately 500 detailed elements 
(from finite “element” method of engineering).    
 
The above-described 6 influential factor groups and assigned 
weighting scales for cancers are quite different from his risk 
assessment model of other chronic disease induced complica-
tions, such as CVD/Stroke, CKD, and DR, which are mainly 
based on 2 major influential factor groups, medical conditions 
and lifestyle details.  It should be noted that CVD/Stroke, CVD, 
and DR have their certain specific individual influential bio-
markers included with their individual medical conditions.  
 
The author spent 10 years to develop and continuously enhance 
a sophisticated and customized software program to collect all 
types of input data.  He then processed them dynamically in or-
der to provide a daily guideline for the purpose of improving his 
overall metabolism.  Once his metabolism is in good condition, 
then his immune system will be strong enough to defend against 
the infectious diseases, such as COVID-19.
 
The above paragraphs have described the backbone of his math-
ematical model to calculate the risk probability of having can-
cers, a combination of all different cancer cases, which is closely 
related to his metabolism model.  

Results 
Figure 1 displays a summarized data table of the linear regres-
sion analyses of his Cancer risk versus his CVD/Stroke risk over 
a 12-year period from 2012 to 2021. There are 12 observations 
(years) with the significance F value of 0.00009.  The p-value is 
also at 0.00009 which is <0.05; therefore, the analysis results 
are statistically significant.  
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Figure 1:  Data table of regression analysis results of Cancer Risk resulting from CVD Risk (201-2021)

The 5 key data are listed as follows:
Correlation (R) = 89%
Variance (R2) = 80%
MI averaged risk = 51%
Regression Predicted risk = 51%
Prediction accuracy = 100%
 
Figure 2 illustrates the comparison of three time-domain curves, 
MI-based CVD risk curve, MI-based Cancer risk, and his re-

gression predicted Cancer risk curve using CVD risk as input.  
All of these three time-domain curves have extremely high cor-
relations.  
 
Figure 3 shows the regression predicted Cancer risk using his 
MI-based CVD risk as input.  This space-domain regression 
model has identified a perfect 1.0 linear variance and 0.9961 
nonlinear (exponential) regression variance. This finding proves 
his Cancer risk is highly correlated with the CVD risk. 

Figure 3:  Space-domain regression analysis of Cancer Risk using MI-based CVD Risk as input having 1.0 linear variance 
(2012-2021) 
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As a reference, listed below is the linear regression equation for 
estimating his annual Cancer risk:
 
Y (predicted Cancer risk)
= 0.762 * X (CVD Risk) - 0.086
 
And listed below is the nonlinear (exponential) regression equa-
tion for estimating his annual Cancer risk:
 
Y (predicted Cancer risk)
                  1.4429X (CVD Risk)
= 0186 * e 
 
Conclusions 
In summary, there are two specific conclusions worth mention-
ing:
 
1.	 The time-domain analysis results have revealed that the cor-

relation between his Cancer risk and CVD risk are very high 
(89%).  In addition, his enhanced MI-based model Cancer 
Risk and Regression Predicted Cancer Risk are highly cor-
related as well.  

2.	 The space-domain linear regression analysis has shown that 
there is a variance of 1.0 existing between his Cancer risk 
and CVD risk. When using the nonlinear polynomial model, 
his variance still reaches 99.6%.  This finding has further 
proven his Cancer risk and CVD risk are highly correlated 
together. Furthermore, he has conducted two more linear 
regression analyses of Cancer risk vs. Lifestyle and CVD 
risk vs. Lifestyle which reveal two extremely high linear 
variances at 1.0.  These findings offer additional indication 
that Lifestyle, the common root-cause, contributes highly 
on both CVD risk and Cancer risk.  
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